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Abstract 
 
Towards Better Assessment and Training of Kinematics in Post-Stroke 
Gait Therapy 
 
Publication No. _______________ 
 
Sung Yul Shin, Ph.D. 
The University of Texas at Austin, 2019 
 
Supervisor:  James Sulzer 
 
Gait impairment is common following neurological injury such as stroke. 
Therapists train patients based on restoring healthy motions, or kinematics, but evidence 
for training proper kinematics is not well-established. Because the dosage of therapy has 
not been well quantified, it is unclear what aspects of gait therapy are important, but simply 
that more therapy is likely better. However, cost restrictions prevent such intensive therapy, 
incentivizing value-based care. Robotic gait trainers that repetitively train a specific 
kinematic walking motions can potentially ease the burden on therapists and allow greater 
patient throughput, improving the value of therapy. Still, the cost of these trainers is only 
affordable to the wealthiest clinics, leaving them unavailable to the vast majority of stroke 
survivors. The overall goal of my research is twofold: to show the role of kinematics in 
gait recovery following stroke, and how these kinematics can be trained in an economical 
 viii 
manner. My first aim focuses on design of an affordable robotic gait trainer that can adapt 
to an individual’s healthy gait pattern. Such a device could make robotic gait training more 
accessible to new markets including resource-limited hospitals and even patients’ homes. 
My second aim presents development of an online algorithm for producing speed-
dependent reference joint trajectories that can be used for general robotic gait training 
applications. The goals of my third and fourth aims investigate the importance of gait 
kinematics using a novel longitudinal cohort approach in subacute stroke patients. I 
quantified the dosage of therapy using a wearable motion capture to find correlates of 
functional recovery, defined as gait speed. I then questioned whether gait speed was 
sufficient to define gait recovery, taking an innovative look at how gait quality during this 
subacute period changes as gait function improves. I expect these aims will justify the 
importance of kinematics and suggest that wearable sensors can become a valuable tool for 
monitoring detailed kinematic motion, providing insight for more effective therapy 
regimens. 
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Chapter 1 
Introduction 
 
Gait impairment is common following neurological injury such as stroke. Every 
year there are 790,000 new strokes in the US and approximately two thirds of the survivors 
have gait impairment [1]. The financial burden of lost productivity and caretaking is $104 
billion and projected to rise 129% by 2030 [2]. Medicare reimbursement threshold for total 
outpatient therapy is $2,040 for both physical therapy and speech-language therapy per 
year that requires special coding when exceeded, and services exceeding $3,000 require 
medical review [3]. However, the median annual cost of outpatient therapy alone was 
$8,629 during the time period of 2001 to 2005 [4], which includes only 20 sessions of 
physical therapy. This comes at a time when nearly half of Americans are unable to cover 
a $400 emergency expense [5] and staggering poverty rates persist among the elderly [6], 
the most likely population to have a stroke [2]. Indeed, uninsured patients and those of 
lower socioeconomic status have more severe impairments, suggesting a wealth factor in 
stroke recovery [7], [8]. There is ample literature that shows those with lower incomes have 
greater risk of morbidity and mortality [9], [10]. This financial burden and restrictions on 
insurance reimbursement are substantial problems and reducing the cost of therapy with 
effective training regimens is a significant need [2].  
Kinematics is a branch of mechanics that describes the motion of bodies, including 
human body motions, without considering the forces that cause the motion [11]. Perhaps 
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the kinematics would be the most detailed way to represent the human movements 
including gait motion after stroke. Therefore, the central hypothesis of this dissertation is 
that the kinematics plays an important role in training and characterizing post-stroke gait 
recovery. 
Recent advances in robotics technology have introduced the electromechanical or 
robotic gait trainer as a potential solution to reduce the burden on clinicians, quantify 
training and increase the number of patients treated compared to conventional gait therapy 
[12]. These trainers guide the legs through repetitive, natural gait kinematic motions by 
physically interacting with the patient. Consensus evidence suggests that such training 
improves the chance of achieving independent walking and other functional benefits  [13], 
[14]. While robotic gait trainers reduce the physical burden on therapists and allow greater 
patient output, there exists no evidence showing how such robotic trainers reduce the cost 
of therapy. This could be due to the relatively sparse proliferation of the devices due to the 
high capital expenditure involved. For instance, the most successful commercial robotic 
trainer costs approximately 20% of a large hospital’s annual capital expenditures [15] – 
unaffordable for the approximately 15,000 outpatient clinics in the US [2]. This means that 
outpatient clinics, where patients spend most time during the recovery process, cannot 
afford to provide the most helpful technology. 
Providing natural, individualized reference walking patterns to account for changes 
in speed, body features or therapy strategy is an important factor in robotic gait training. 
For instance, strategies for encouraging voluntary participation into the training such as 
patient-cooperative, assist-as-needed, or force-field control have been suggested as a key 
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principle of neurological recovery than passively guiding fixed walking movements [16]–
[18]. While these training strategies are all adaptive by nature and allow spatiotemporal 
variations in gait patterns, they are based on a fixed reference gait pattern without 
considering changes in walking speed. A number of approaches for providing reference 
gait patterns reflecting walking speed were proposed [19], [20], but current methods only 
allow offline adjustments. Thus, providing an online adjustment of reference gait patterns 
addressing changes in speed would potentially fill the gap to improve both gait function 
and quality by training with a more ecological walking experience.  
Lack of information on effective therapy regimen is another significant barrier to 
recovery after neurological injury. For instance, the first months following stroke, known 
as the subacute stage, are the most critical to sensorimotor recovery [1], [21], but this stage 
is also the least understood. Despite decades of gait rehabilitation, we are still unsure which 
methods work best. A major hurdle in characterizing recovery in this early stage is 
obtaining accurate and quantifiable measurements during therapy, a difficult task that can 
interfere with the patient care regimen. Perhaps because of the lack of detailed outcomes, 
meta-analyses have been unable to identify any clear trends describing which methods of 
physical therapy are most effective. In fact, it has been shown that the best predictor of 
final level of recovery is simply the initial level of impairment of the patient [22]–[24]. 
Such a finding casts a shadow over exactly what rehabilitation is doing and why its 
outcomes are so variable from patient to patient. Understanding exactly what happens 
during therapy and how patients recover could shine a light on this vexing problem.  
 4 
Other missing information on gait recovery following stroke would be the 
importance of gait quality. True gait recovery should involve improvements in both 
functional ability as well as quality of movement in the form of symmetry or natural gait 
pattern. However, traditional clinical outcomes for measuring gait are mostly focused on 
functionality (e.g., gait speed), lacking the information on the gait quality, which may lead 
towards biased assessment of improvements in gait. While the spatiotemporal symmetry 
has been commonly reported to quantify gait impairment [25], relatively less attention has 
been paid to joint kinematics. However, joint kinematics, or joint motions, would perhaps 
better characterize the disturbances in gait quality [26], [27], arguably with greater 
sensitivity than the spatiotemporal characteristics, because spatiotemporal measures are 
composed of a combination of joint kinematics. In recent years, limb kinematics, related 
to the end-effector (i.e., foot) movement in task space, has also been indicated as an 
important parameter for locomotor function. For instance, Chang et al. suggested that limb 
kinematics were preferentially conserved over joint kinematics during walking after 
peripheral nerve injury in cats [28].  
Yet measuring kinematics of patients during their hospital stay is challenging due 
to the limitations on inpatient accessibility and mobility. Typical motion capture 
technology using cameras in a fixed environment and a lengthy setup time is not conducive 
to a therapy setting. However, recent technological advances in sensors have led to the 
increased use of alternative motion sensors [29], [30]. Inertial measurement units (IMUs) 
are one of the alternative devices that can track kinematics during therapy sessions to 
quantify the therapy received (see Fig. 1.1). The advantages of IMUs include portability, 
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low profile, light weight, and can measure all directions of body segment motions by 
combining its output of linear accelerations, angular velocities and orientations. 
Improvements in technology have enabled both research and commercial devices to 
successfully measure gait kinematics [30]. Using IMUs, we can quantitatively monitor 
patient activity during therapy unobtrusively with minimal setup time.  
My first and second aims focus on further improvement of the currently existing 
robotic gait trainers in terms of reducing the cost and providing more ecological reference 
walking experience during the training. The first aim is the design of an affordable, 
adaptable robotic gait trainer that maintains key therapeutic principles. The second aim is 
Figure 1.1: Inertial measurement unit (IMU) based motion capture technology. A) Example 
of commercialized IMU sensor units, B) Capture of a person wearing full body IMU suit 
with the recording software (XSens, Enschede, The Netherlands). IMUs incorporate 
accelerometers, gyroscopes and a magnetometer measuring linear acceleration, angular 
velocity and orientation relative to earth’s magnetic field, respectively. By fusing its output, 
IMUs provide three-dimensional angular motion of individual body segments as well as 
joint trajectories.  
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to establish an online algorithm for producing speed-dependent reference joint trajectories 
that can be used for general robotic gait training applications. The goals of my third and 
fourth aims are to explore the importance of gait kinematics in subacute post-stroke 
recovery. My third aim quantifies the “dosage” of therapy by measuring kinematics and 
heart rate longitudinally during training in a pilot cohort of subacute stroke patients, 
correlating these variables with functional gait recovery in the form of gait speed. My 
fourth aim re-examines this data from the perspective of gait quality to assess the 
relationship between these gait quality measures and gait speed, and to observe whether 
these parameters have different recovery timeframes. Here I describe the overview of my 
specific goals through the following aims:  
Aim 1. Design of a single degree-of-freedom, adaptable electromechanical gait trainer 
for people with neurological injury (Chapter 2) 
The cost of therapy is one of the most signiﬁcant barriers to recovery after 
neurological injury [2]. Robotic gait trainers move the legs through repetitive, natural 
motions imitating gait [12]. Recent meta-analyses conclude that such training improves 
walking function in neurologically impaired individuals [13], [14]. While robotic gait 
trainers promise to reduce the physical burden on therapists and allow greater patient 
output, they are prohibitively costly. My novel approach is to design a new single degree-
of-freedom (DoF) robotic trainer that maintains the key advantages of the expensive 
trainers but with a simpliﬁed design to reduce cost. My primary design challenge is 
translating the motion of a single actuator to an array of natural gait trajectories. I address 
this with an eight-link Jansen mechanism that matches a generalized gait trajectory. I then 
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optimize the mechanism to match different trajectories through link length adjustment 
based on nine different gait patterns obtained from gait database of 113 healthy individuals 
[31]. To physically validate the range in gait patterns produced by the simulation, I tested 
kinematic accuracy on a motorized wooden proof-of-concept of the gait trainer. The 
simulation and experimental results suggested that an adjustment of two links can 
reasonably ﬁt a wide range of gait patterns under typical within-subject variance. I 
conclude that this design could provide the basis for a low-cost, patient-based 
electromechanical gait trainer for neurorecovery.  
Aim 2. An online transition of speed-dependent reference joint trajectories for robotic 
gait training (Chapter 3) 
Rehabilitation robots reduce the physical burden on therapists, quantify training 
and allow greater dosage of therapy for individuals with neurological impairments [32], 
[33]. Robots are also capable of precisely customizing therapy based on the user’s 
physiology and/or needs, for example, customizing a reference trajectory for gait training 
[19], [20], [31], [34]–[36]. While a number of methods for obtaining reference gait patterns 
have been proposed, these approaches lack the ability of altering the trajectories according 
to the varying walking speed in real-time [37]–[39]. The objective of this aim is to develop 
an online algorithm that can provide a continuous, speed-dependent reference gait pattern 
for robotic gait training. I employed Fourier series and proﬁle blending methods to generate 
natural transitions in gait patterns, and synchronized the gait cycle time according to the 
given arbitrary walking speed. The simulation results suggested that the algorithm can 
stably change the gait patterns with the given walking speed in a synchronous manner. I 
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conclude that the method can provide online speed-dependent walking motion that can be 
used for general robotic gait training applications. 
Aim 3. Quantifying dosage of physical therapy using lower body kinematics: a 
longitudinal pilot study on early post-stroke individuals (Chapter 4) 
The first months following neurological injury such as stroke, known as the 
subacute stage, are the most critical to sensorimotor recovery of locomotor function [1], 
[21]. Despite the importance of the initial stage, we lack detailed information of the patient 
experience, likely leading towards sparsely explained variations in outcomes and effects of 
therapy input. Unlike the pharmacological interventions, the dosage of physical therapy 
remains unmeasured or unspecified making assessment of its utility exceedingly difficult 
[23], [40]. While various measurements have been attempted to quantify dosage of therapy 
[41], kinematics, i.e. joint motions, would be one of the primary indicators of gait 
impairment arguably with greater sensitivity than traditional clinical outcome measures 
due to the rich information involved [26], [27]. Here I used a portable, unobtrusive IMU 
motion capture technology to monitor lower limb joint motions. The objective of this 
observational pilot study is to examine the role of joint kinematics during therapy over the 
early stage of recovery. To achieve this, I longitudinally monitored full lower body 
kinematics and heart rate of six post-stroke individuals from the first inpatient gait therapy 
session until the 12th week of outpatient therapy. The main functional outcome measure 
was gait speed recorded during therapy sessions [42]. My main finding indicated that the 
amount of motion (AoM) extracted from joint kinematics was a better predictor of gait 
speed than the number of steps, spontaneous recovery (i.e. time), metabolic expenditure 
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parameterized with heart rate or the types of tasks performed. This result and the additional 
findings outlined in this study suggest that wearable sensors can become a valuable tool 
for better understanding dosage of therapy received and the efficacy of rehabilitation 
training.  
Aim 4. Does kinematic gait quality improve with functional gait recovery? A 
longitudinal pilot study on early post-stroke individuals (Chapter 5) 
Gait recovery following neurological injury involves regaining both functional 
ability as well as quality of movement. However, most clinical outcomes are focused on 
functional ability such as gait speed [42], timed-up-and-go [43], six minute walk [44], and 
others. The large focus on functional outcomes may bias therapy towards exaggerating 
assessments of improvements in gait [41], [45]. Disturbances in gait quality in the form of 
asymmetry or deviations from a natural gait pattern are major factors in risk of falls [46], 
greater metabolic expenditure [27], and long term problems such as learned non-use or use-
dependent plasticity and pain [47], [48]. However, due to the focus on functional outcomes, 
there is sparse information characterizing gait quality, and most existing studies report 
instantaneous measurements on chronic patients; lacking the information of how the gait 
quality changes over the course of initial recovery. A number of studies have attempted to 
characterize gait quality after stroke in terms of spatiotemporal characteristics and joint 
kinematics [27], [49]. In recent years, limb kinematics, related to end-effector movement 
in task space, are suggested to be an important parameter for locomotor function [28]. The 
objective of this observational pilot study is to examine changes in gait quality including 
spatiotemporal, limb and joint kinematic features over the initial stage of recovery by using 
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portable, unobtrusive IMU motion capture. My first hypothesis is that gait quality will 
remain asymmetric over the course of early recovery, and the asymmetry will be mainly 
driven by joint kinematics [27], [28]. Secondly, I expect the impaired side of limb 
kinematics will preferentially associate with increased gait speed over joint kinematics 
[28]. This work represents a novel characterization of disturbances in gait quality during 
the early recovery. The information from this study will justify the importance of gait 
quality and provide insight for more effective therapy regimens to improve gait quality. 
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Chapter 2 
Design of a single degree-of-freedom, adaptable electromechanical gait 
trainer for people with neurological injury1 
 
2.1  Introduction 
The financial burden following neurological injury such as stroke and spinal cord 
injury is a substantial problem and reducing the cost of therapy is a significant need [2], 
[4]. Rehabilitation leaders have looked towards robotic technology to help reduce costs, 
quantify treatment and unload the physical burden to therapists. For instance, the Lokomat, 
one of the most popular commercialized robotic gait trainers, controls the hip and knee 
joint motions in the sagittal plane through a pre-specified natural gait trajectory [12]. By 
attaching to the thigh and shank, the Lokomat, as well as other similar exoskeletal devices 
(e.g., ALEX, LOPES), use one motor per joint [12], [16], [50]. Other electromechanical 
gait trainers interact at the foot, similar to an elliptical trainer, known as an end-effector 
format (e.g., GT I, Haptic Walker, LokoHelp) [51]–[53]. Although not conclusive, a meta-
analysis suggested a slight advantage of end-effector based devices over exoskeletons in 
restoring independent walking after stroke [54].  
                                                 
1 Portions of this chapter has previously been published in the following article–S. Y. Shin, A. D. 
Deshpande and J. Sulzer, “Design of a single degree-of-freedom, adaptable electromechanical gait trainer 
for people with neurological injury,” Journal of Mechanisms and Robotics 10(4), 044503, 2018. The author 
carried out the literature review of the existing robotic gait trainers, and simulated the algorithm and 
validated with the proof-of-concept model in the cited work.  
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Robotic gait training has shown significant therapeutic benefits for patients with 
neurological impairments. For example, improvements have been reported in walking 
independence and mobility [55], [56], functional walking ability [57], [58], gait speed [59], 
[60], muscle activation [57], [59] and joint range of motion [60]. Recent meta-analyses on 
robotic gait training have concluded that it improves the chance of achieving independent 
walking and locomotor ability after SCI and stroke [13], [14]. Other recent studies indicate 
that robotic gait trainers are as effective as conventional treadmill training [61]–[63]. 
However, there exists no evidence showing how such trainers have reduced costs. This 
could be due to the relatively sparse proliferation of the devices due to the high capital 
expenditure involved. Specifically, the estimated price of $300,000 for the Lokomat [64] 
represents up to 20% of the annual capital expenditure of large hospitals [15], meaning that 
this technology is restricted to only the wealthiest facilities. Given that most of therapy 
occurs at outpatient clinics without access to such resources, the potential benefits of 
robotic gait training remain largely unredeemed. 
Changes in design can reduce cost. Compared to other movements such as reaching, 
gait is a highly stereotypical motion that varies between individuals. Instead of multiple 
actuators, gait motions can be driven by a single actuator.  The mechanized gait trainer GT 
I, one of the pioneering single DoF gait trainers, generates ellipsoid-like movement at the 
footplate based on a doubled crank and rocker gear system [51]. Another group developed 
the LokoHelp [53], a single DoF device that moves the ankles, strapped in boots, through 
a roughly elliptic trajectory. These devices have shown some promising results [58], [65], 
although they lack ground contact proprioception and a natural gait trajectory. Such 
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proprioceptive feedback is fundamental to gait function [66]–[69]. For instance, cutaneous 
and muscle spindle afferents regulate reflexes and help generate motor output [70]. Thus, 
reducing cost is important, but should not come at the expense of principles of gait training.  
The objective of this work is to design and build an affordable and adaptable end-
effector based robotic gait trainer without sacrificing therapeutic benefits of locomotor 
training. I employ a single actuator to create a natural, individualized gait motion via an 
innovative mechanical design (see Fig. 2.1). This configuration maintains ground contact 
offering proprioceptive feedback intended to induce beneficial neuroplastic effects on 
recovery. The rotation of the actuator is transmitted into a gait-like trajectory using a Jansen 
mechanism [71], an eight-bar linkage. While this mechanism produces gait-like patterns, 
they are not individual-specific. The human gait patterns change with different physical 
Figure 2.1: Rendering of robotic gait trainer utilizing a single motor to produce a natural 
gait trajectory. The device can produce adaptable gait patterns by link adjustments. 
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factors such as height, age, speed, and other anthropometric characteristics [19], [31], [72]. 
An individualized gait trainer must be able to adjust to different gait patterns, and ideally 
with as few adjustments as possible. I present a solution that minimizes the number of 
adjusted link lengths to match the different end-effector gait patterns of a database of 113 
healthy individuals [31]. I extracted nine canonical gait patterns of different step lengths 
and determined the minimum number of adjustable links needed to match user trajectories 
within normal variance. I tested this optimization experimentally using a motorized full-
scale model of the trainer. I found that the kinematic accuracy using two link adjustments 
was sufficient to match these patterns. This design offers the potential for lower-cost, 
individualized gait training.  
2.2.  Design 
2.2.1.  Determination of Reference Gait Pattern  
My approach is to generate gait patterns specific to the participant. Gait patterns 
can vary widely based on factors such as anthropometric characteristics and gait speed 
[19], [72]. Here I leverage measurements taken from a large database of healthy individuals 
(113, 63 female) walking at 3.0 km/h on a treadmill [31] to determine the range of gait 
trajectories that need to be accommodated by the gait trainer. I extracted the sagittal-plane 
marker position data of the ankle relative to the pelvis, separating into single gait cycles 
based on heel strike. The single gait cycle trajectories were normalized into 50 time frames 
and averaged to represent each subject’s gait pattern. From all subjects’ gait patterns, I 
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generated the grand mean, called the meta-trajectory, as well as extracted the mean of the 
10 individuals with the largest, average and smallest step lengths to represent the range of 
gait patterns. As the design of the trainer may have non-linearities, I interpolated six 
additional intermediate patterns to more thoroughly span the manifold, thereby a set of total 
nine different patterns is determined as reference. Figure 2.2 illustrates the meta-trajectory 
(blue x) and the nine trajectories (grey dotted lines) calculated from the pool of 113 
subjects.  
2.2.2  Kinematics 
The proposed kinematic solution for reproducing gait patterns at the ankle is based 
on Jansen mechanism, previously employed in kinetic sculptures [71]. The mechanism 
(Fig. 2.3) uses eight moving linkages parameterized in 12 different lengths comprising four 
closed loop components; a pair of upper and lower four-bar mechanisms, 𝐿1𝐿2𝐿3𝐿4 and 
𝐿1𝐿7𝐿8𝐿4, respectively, a coupler, 𝐿3𝐿5𝐿6, a parallelogram mechanism, 𝐿6𝐿8𝐿9𝐿10 and a 
rigid foot-link, 𝐿9𝐿11𝐿12. In the application of the gait trainer, my main interest is the end-
Figure 2.2: Mean of total 113 healthy subjects’ gait patterns (meta-trajectory) and total 
9 gait patterns with different step lengths in x-y plane (average of 10 subjects for large, 
medium and small step lengths and their intermediates).   
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effector at the rigid foot-link, 𝑃𝐸, the ankle interface (see Fig. 2.1). Motion at 𝑃𝐸 can be 
determined by the configuration of the mechanism with the given input angle of the rotary 
crank, 𝜃2 expressed as 
𝑃𝐸 = 𝑓(𝜃2, Θ, 𝐿),     (2.1) 
where Θ = [𝜃3 , ⋯ , 𝜃12 ] is the vector of unknown joint angles and 𝐿 = [𝑙1, ⋯ , 𝑙12 ] is the 
link length vector that incorporates the given 12 lengths of the mechanism. 
The vector loop representation, widely used for the motion analysis of mechanisms 
[73], solves for unknown parameters by creating a vector loop (or loops) around the 
linkages of the mechanism. With the input angle, θ2 given at every instant, the end-effector 
path can be determined by the unknowns solved with the vector loop equations.   
Figure 2.3: Parameterized structure of the proposed mechanism. The end-effector path 
at 𝑃𝐸 is determined based on the angle of the rotary crank, θ2 and the configuration of 
12 links with given lengths. 
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2.2.3  Optimization 
2.2.3.1 Matching the meta-trajectory 
While the motion of the linkage mechanism produces an arbitrary walking pattern, 
it has not been configured to be a human-like gait pattern. To match the end-effector of the 
linkage mechanism with natural human gait pattern, I employed optimization technique 
based on the meta-trajectory. My cost function of the mechanism configuration was 
formulated as  
min.
𝐿
   𝐽(𝐿) =
1
2
∑ {𝑝𝐻(𝑡𝑘) − 𝑝𝐸(𝜏𝑘, 𝐿)}
2 + |𝐴𝐻 − 𝐴𝐸|
𝑓
𝑘=1    (2.2) 
such that  𝐿𝐿𝑜𝑤𝑒𝑟 ≤ 𝐿 ≤ 𝐿𝑢𝑝𝑝𝑒𝑟     
where 𝑝𝐻 is the reference meta-trajectory, 𝑝𝐸 is the end-effector trajectory of the linkage 
mechanism, 𝐴𝐻 and 𝐴𝐸  are the area of gait patterns of meta-trajectory and end-effector 
Figure 2.4: Optimized to the meta-trajectory, the structure results in an RMS error of 
3.09 cm. (a) Blue crosses delineate the meta-trajectory, and red circles show the 
predicted trajectory. (b) Meta-trajectory and predicted endpoint trajectories in gait 
cycle domain with a constant crank  (𝐿1) input angular velocity.   
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trajectory in sagittal plane, respectively, 𝐿 is a link length vector that incorporates all 12 
lengths of the mechanism, 𝑡𝑘 is the 𝑘
𝑡ℎ time frame and  𝜏𝑘 is the 𝑘
𝑡ℎ time frame that 
minimizes the error between 𝑝𝐻 and 𝑝𝐸. 𝐿𝐿𝑜𝑤𝑒𝑟 and 𝐿𝑈𝑝𝑝𝑒𝑟 are lower and upper boundary 
condition vector of the link lengths, respectively.  
My goal was to minimize the sum of trajectory and area differences between the 
reference meta-trajectory and the end-effector of the mechanism within the bounded link 
lengths, starting from the given initial values. I used Interior point method (IPM) [74] to 
iteratively perform the optimization as it is one of the most efficient algorithms that solve 
for linear and nonlinear convex optimization problems. I implemented the IPM approach 
by using the fmincon function in Matlab R2016A (Mathworks Inc., Natick, MA). The 
resulting configuration is shown in Fig. 2.4. 
2.2.3.2 Minimizing link adjustments 
The mechanism must not only match an average gait trajectory, but it must also be 
able to be adjusted to match an array of human gait trajectories. While adjusting all 12 links 
could flexibly cover the variations in gait patterns, the implementation would be redundant 
and highly impractical. As such, finding the minimum number of link adjustments will 
facilitate practical use. Thus, I selected all the combinations among 11 links (except the 
crank, 𝐿1). For each combination, I optimized for a set of nine different canonical gait 
patterns (Fig. 2.2) by using the same cost function in Eq. (2.2) based on the three optimized 
initial estimates (meta-trajectory, largest and smallest patterns, respectively) attempting to 
scan for the global minima. I calculated the mean root-mean-square-error (RMSE) of nine 
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patterns to evaluate each combination. For each set of adjustable links, the error was 
defined by the minimum value among the mean RMSE of nine different gait patterns of all 
combinations. Figure 2.5 illustrates the minimum error with selected link combinations 
resulting from one to five link adjustments. As expected, the results show that the error 
deceases as number of adjusted links increase. Note that a large drop can be observed at 
two link adjustments. Although greater error compared to adjustments of more than two 
links, the data indicate that adjustment of two links at 𝐿4 and  𝐿8 (Fig. 2.3) accounted for 
approximately 70% of the maximum reduction in trajectory error. Importantly, the average 
error of 3.33 cm is under typical within-subject variance of 5.02 cm calculated from the 
gait database. The trajectory error using two link length adjustments is consistent, ranging 
from an RSME of 2.62 to 3.71 cm in the canonical gait patterns (Fig. 2.6). Thus, the 
Figure 2.5: Gait pattern error for number of adjustable links. Selected adjustable links 
are denoted on each bar graph. Adjusting just two links (𝐿4 and  𝐿8) provides the largest 
drop in error for the fewest adjustments. 
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adjustment of two links (𝐿4 and  𝐿8) is sufficient to reasonably fit a wide range of gait 
patterns. 
2.3. Evaluation 
To physically validate the gait patterns produced by the simulation, I designed and 
built a motorized proof-of-concept of the gait trainer. I selected three representative gait 
patterns from the canonical patterns (smallest, average and largest step lengths) and 
manufactured the linkages based on the output link lengths from the optimization 
algorithm. Since the primary goal of this work is restricted to kinematic validation of the 
end-effector path of the device, I determined the required design specification and 
manufactured the model without considering the dynamic effects of the system and 
interaction force acting on the device by user.  
Figure 2.6: The RMS error for each canonical gait pattern given two link adjustments 
shows consistent performance across patterns, with expectedly larger error in larger gait 
patterns. 
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I used a brushless DC servomotor (1.4 kW, Moog Inc., East Aurora, NY) with a 
gearbox of 5:1 ratio (Apex Dynamics, Inc., Ronkonkoma, NY) and an additional 2:1 gear 
reduction though a timing belt drive attached to the output shaft. A motor driver (Moog 
T200) was used to control the motor. A real-time control system, Simulink Realtime, 
Matlab R2016A and 16-bit data acquisition system (National Instruments, Austin, TX) 
were used to generate the motor control input at 1kHz. The entire wooden model of the 
trainer is shown in Fig. 2.7 (left). 
A simple velocity feedback controller was achieved with the control input given by 
𝑢 = 𝐾(?̇?𝑟𝑒𝑓 − ?̇?𝑎)     (2.3) 
where 𝑢 is the control input, 𝐾 is a gain, ?̇?𝑟𝑒𝑓 is the reference joint velocity input and ?̇?𝑎 is 
the actual joint velocity of the motor calculated from the encoder. A constant motor 
velocity (3.1 rad/s) related to the typical gait speed of mildly impaired stroke patients (0.7 
m/s) was used as the reference control input. The endpoint path with respect to the world 
coordinate was recorded with an optical motion capture system in 240Hz (PhaseSpace, 
Inc., San Leandro, CA). The optical motion capture data was resampled and truncated into 
a single gait cycle to compare with simulated patterns. Since the purpose of this evaluation 
was to experimentally validate the kinematic gait patterns from the simulation, I used the 
simulated patterns as reference and compared with the actual patterns recorded from the 
model.  
Figure 2.7 (right) illustrates the simulation and experimental results of end-effector 
path for three conditions. The performance of the model well-approximated the simulated 
gait pattern. It can be seen that the actual gait patterns (black solid line) are qualitatively 
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very similar to the reference simulated patterns (red circles) for all three conditions. The 
spatial pattern at the end-effector (e.g., shape of the gait pattern in x-y plane) is predefined 
based on the given link lengths. To quantitatively evaluate the spatial accuracy of the gait 
pattern, I used percentage area difference given by  
𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝐴𝑟𝑒𝑎 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 =
|𝐴𝑠−𝐴𝑎|
𝐴𝑠
× 100%   (2.4) 
where 𝐴𝑠 and 𝐴𝑎 are the area of simulated and actual gait patterns, respectively. Compared 
to the reference simulated gait patterns, the percentage area differences translated to 6.35% 
and 0.55% for the largest and smallest gait patterns, respectively. Ideally, the simulated 
and actual gait patterns should be exactly the same. However, the experimental error could 
result from errors in manufacturing. In order to judge the severity of this error, I performed 
sensitivity analysis by scanning -5 to 5 mm offset from the selected two adjustable link 
Figure 2.7: (Left) Motorized wooden model of the gait trainer with accompanying range of 
motion reflecting a natural gait pattern. (Right) Experimental results using optical motion 
capture system by adjusting link lengths to match with three different step lengths (largest-
top, medium-middle and smallest-bottom). 
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lengths given by the simulation. Based on the sensitivity analysis, a manufacturing error 
on both links on the order of ±1.5 mm would result in 6.35% area difference error, well 
within manufacturing tolerances of the wooden model.  
2.4. Discussion 
In this work, I introduced a novel design method for a single DoF, adjustable 
robotic gait trainer operated by a single actuator. I found that a multi-link planar mechanism 
can produce natural gait trajectories and with adjusting only two links, the mechanism can 
fit a wide range of gait patterns.  My proof-of-concept full-scale model confirms the results. 
I conclude that this design is a viable solution towards the ultimate goal of a simplified, 
patient-based, low-cost gait trainer available to outpatient clinics and possibly at home.  
While the Jansen mechanism has been applied to kinetic art, this is the first instance 
of its use towards human-interactive applications. This linkage has a unique ability to 
precisely match human gait patterns. I exploited this property and optimized its structure 
to match a meta-trajectory within the typical variance of gait. However, I do not propose 
that the Jansen mechanism is the only solution. For example, a recent innovative 
overground gait trainer uses a single four-bar linkage to induce gait patterns [75]. I 
compared this design with my own. Compared to the Jansen mechanism, RMSE of the 
four-bar linkage was substantially larger with two link adjustments (mean RMSE = 6.24 
cm compared to 3.33 cm), and this error did not significantly alter with additional link 
adjustments (minimum RMSE = 5.92 cm). Using inverse kinematics analysis, such error 
translates to hip and knee angles of approximately 7.1° and 10.6°, respectively, compared 
 24 
to 2.6° and 3.3° for the Jansen mechanism. Thus, in contrast to the four-bar design, the 
Jansen-based design produces more accurate gait kinematics, and within normal gait 
variability. 
A key concept introduced with this device is the focus on accurately training natural 
gait kinematics. While some electromechanical gait trainers with multiple actuated DoF 
have the ability to match natural gait patterns [12], [16], [76], this functionality is 
overlooked. The guiding philosophy behind my gait trainer is that inducing proprioceptive 
input as close as possible to natural gait will be most beneficial for recovery, and there is 
some evidence to support this sentiment [67], [70]. Thus, training a natural gait trajectory 
along with inducing ground contact are crucial elements of the design. However, it should 
be noted that the level of importance in training natural gait trajectories has not yet been 
systematically investigated. Without this knowledge, therapy could be suboptimal, or even 
worse, counterproductive, and thus will be the subject of future research. 
Another key feature is the projected ease of use. A use case scenario would involve 
algorithmic estimation of the approximate gait trajectory of the patient based on my gait 
database, followed by link adjustments by the therapist. Practical use would necessitate the 
minimum number of adjustments to match a given gait pattern. My challenge was to 
minimize both, the error in imposed gait pattern and the number of links to adjust. I found 
that only two links were needed to obtain performance within typical human gait pattern 
variance. I then confirmed this finding through the development of a full-scale proof-of-
concept, which exhibited a maximum pattern error of 6.35%, well within normal gait 
pattern variance of 15.6% based on my gait database. I believe that adjustment of two links 
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is a reasonable amount of effort in customizing the device to an individual’s gait pattern, 
and would have a setup time roughly equivalent to other gait trainers.  
To drive the wooden model, I used a simple velocity feedback controller 
without considering any dynamic effects (e.g., gravity, friction) since my primary goal 
was to merely focus on the kinematic end-effector path of the device as a proof-of-
concept. However, the experimental results also showed temporal deviation (Fig. 2.4b). 
Future optimization could involve taking non-linear dynamics into account, although 
for this concept I chose to maintain simplicity, and thus my evaluation also used 
constant velocity. Physical improvements to my model would also help reduce 
trajectory error, including use of more rigid materials with lower friction bearings. 
Maintaining active participation in training is a key tenet of neurological 
recovery, especially for those further along the recovery spectrum [77]. However, much 
of the history of robotic gait trainers, including the design in my current form, has 
focused on trajectory-controlled sagittal plane motion of the hips and knees [12]. As a 
result, considerable effort has been devoted towards “zero-impedance” controllers [78], 
[79], pelvic actuation [76], [80], and frontal plane actuation [80], [81]. Similar to other 
robotic gait trainers such as the Lokomat, my design is limited in its backdrivability 
due to substantial transmission dynamics. However, efforts can be made to facilitate 
backdrivability, including mechanical compliance, passive frontal plane DoFs and 
improved sensing and controls [78]–[80]. Further, due to its end effector-based design, 
the gait trainer described here does not inhibit pelvic motion. The minimum level of 
backdrivability necessary for effective training has not yet been effectively identified 
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and likely depends on the patient characteristics such as recovery level and abilities 
[77]. In summary, the main objective of this work is to make robotic gait training more 
widely available without reducing the functionality of the current commercial devices. 
However, future work will continue to make this concept more available to a larger 
segment of the neurologically-impaired population.   
2.5. Conclusions  
I have introduced a concept of an individualized electromechanical gait trainer 
intended to be affordable to outpatient clinics without sacrificing beneficial aspects of gait 
Figure 2.8: Rendering of expected alpha prototype. The design of the gait trainer 
involves a robust frame with body weight support, a removable pelvic support, a 
treadmill and the operational linkage mechanism, driven by a DC gearmotor and belt 
drive. 
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training. This concept is enabled by the first human-interactive application of the Jansen 
mechanism, which uses a single actuator to drive a complex gait trajectory. The 
optimization of the mechanism additionally provides adaptable gait patterns specific to the 
user through the adjustments of only two links. This concept will become the basis for a 
future prototype (Fig. 2.8).  The mechanical design of the entire trainer will incorporate 
components including bilateral linkage mechanism, sensorized ankle cuff interface, 
removable pelvic support, a single actuator with gear drive and treadmill. I intend on 
leveraging existing equipment at clinical facilities such as body weight support to avoid 
redundancy. Future design will facilitate bilateral training using a single DoF through 
mechanical couplings (e.g. crankshaft) that could be selectively disengaged for unilateral 
training. An overground, walker-based version is an additional possibility, as illustrated by 
innovative previous work [75]. Given the relatively large machining tolerances, single 
actuator and simple control, I intend to further develop a robotic gait trainer that has the 
potential to be an order of magnitude lower cost than some of the most widely used robotic 
gait trainers. The reduced cost will make robotic training accessible to new markets 
including resource-limited hospitals, outpatient clinics, patients’ homes and also to many 
research labs. More access to such beneficial training may result in more intensive therapy 
and greater compliance with training regimens, ultimately producing better outcomes per 
patient at lower costs. 
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Chapter 3 
An Online Transition of Speed-dependent Reference Joint Trajectories 
for Robotic Gait Training 
 
3.1  Introduction 
In recent years, robotic gait training has grown in popularity for use on individuals 
with neurological impairments such as stroke or spinal cord injury [32], [33]. These robotic 
trainers were developed to reduce burden on therapists, quantify training and increase the 
number of patients treated compared to conventional gait therapy. For instance, the 
Lokomat, one of the most popular commercialized trainers, guides repetitive, pre-speciﬁed 
gait motion by physically interacting with the patients [12]. The Lokomat as well as other 
exoskeletal devices (e.g., ALEX, LOPES) control the hip and knee joint trajectories by 
attaching to the thigh and shank [12], [16], [50]. Other trainers, known as an end-effector 
type (e.g., GT I, Haptic Walker, LokoHelp), interact at the foot, similar to an elliptical 
trainer [51], [52], [65]. Along with the impressive array of robotic devices comes the 
problem of how to produce natural reference gait patterns for training [19].  
Several early methods for obtaining the reference gait patterns include pre-
recording trajectories from healthy subjects walking on a treadmill or overground [16], 
[17], [82], [83], or recording trajectories while walking with the device in a transparent 
mode [37], [38] or without actuators [12]. Other methods measured patient-speciﬁc 
reference gait patterns by manually assisting patients’ legs during walking [37], [38], or 
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reproduced from the motion of the unaffected limb [39]. Based on the previous ﬁndings 
that the gait parameters are highly associated with walking speed [84], [85], Koopman et 
al. developed a regression-based algorithm that estimates joint trajectories with the input 
walking speed and user’s height [19]. More recent studies proposed various approaches 
that predict individual-speciﬁc gait patterns by using machine learning techniques based 
on the gait motion and anthropometric database obtained from healthy individuals [20], 
[31], [34]–[36]. 
The ability to smoothly transition to different natural gait patterns online to account 
for changes in speed or therapy strategy is an important factor in robotic gait training. For 
instance, evidence suggests that motivating active participation into the training based on 
the strategies such as patient-cooperative, assist-as-needed, or force ﬁeld-control is a key 
tenet of neurological recovery, rather than passively guiding ﬁxed movements with a 
constant velocity-based control [16]–[18]. While these training strategies are all adaptive 
by nature and allow online spatial and temporal variations in gait patterns, they were 
applied on a ﬁxed reference gait pattern without considering changes in walking speed. A 
number of methods for producing reference gait patterns reﬂecting walking speed were 
proposed [19], [20], but current methods only allow ofﬂine adjustment of gait patterns. 
Thus, the addition of an online adjustment for reference gait patterns depending on speed 
would provide more ecological gait training.  
The objective of this paper is to develop an online algorithm that can provide a 
continuous, speed-dependent reference gait pattern for robotic gait training. My speciﬁc 
target was to smoothly change the reference joint trajectories while synchronizing the 
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stance phase of the foot velocity according to the given varying walking speed (see Fig. 
3.1). To achieve this goal, I ﬁrst extracted a single gait cycle, reference joint trajectories of 
discrete speeds from previous work by Koopman et al. [19]. Secondly, I employed Fourier 
series and proﬁle blending methods to produce spatially and temporally continuous 
trajectory that interpolates an intermediate point between gait patterns of discrete speeds 
as a function of normalized time and walking speed. Finally, the stance phase of the foot 
velocity was synchronized with the given walking speed in real-time based on the gait cycle 
time estimated by the regression model from a previous study [19]. To validate the 
proposed algorithm, I simulated changes of gait patterns in two different scenarios with 
varying walking speed. The simulation results demonstrated that the algorithm can stably 
produce smooth transition of the joint trajectories in real-time according to the varying 
Figure 3.1: Overall goal of the algorithm. The speciﬁc target is to produce speed-
dependent reference gait patterns in real-time while synchronizing the stance phase of 
the foot velocity according to the given varying walking speed. 
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speed in a synchronous manner. I conclude that this method can provide an online speed-
dependent reference walking patterns that can be applied to general robotic gait training. 
3.2 Methods 
3.2.1  Reference Gait Pattern Extraction 
A speed-dependent gait prediction algorithm based on a regression model from 15 
healthy subjects’ data was previously developed and validated by Koopman et al. [19]. 
This ofﬂine algorithm provides time normalized (e.g., 100% gait cycle) reference joint 
trajectories (including hip ﬂex/extension, abd/adduction, knee ﬂex/extension, and ankle 
dorsi/plantarﬂexion) with the input arbitrary walking speed and subject’s body-height. I 
used the predicted joint trajectories from this algorithm as the reference gait patterns. I set 
my target range of the walking speed to be between 1 and 5 km/h according to the 
maximum speed limit of the regression model by Koopman et al. [19]. Thus, the joint 
trajectories of ﬁve discrete walking speeds (1, 2, 3, 4, and 5 km/h) were extracted based on 
the average height of 1.69 m [19], and used them as the reference gait patterns. For the 
sake of simplicity, I only considered two joints at hip and knee ﬂex/extension in this work. 
The ﬁve reference gait patterns in hip and knee joint plane are illustrated in Fig. 3.3a. 
3.2.2  Periodic Joint Trajectory Generation 
The next step was to generate a periodic and continuous trajectory as a function of 
time. To solve this problem, I employed Fourier series to ﬁt each reference gait pattern, 
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similar to the previous gait prediction methods [35], [36]. This method can be used to ﬁt a 
single gait cycle joint trajectory to a periodic, continuous proﬁle temporally as a function 
of normalized time frame. For each joint, the Fourier series function was imposed on the 
𝑖𝑡ℎ gait pattern as given by 
𝑔𝑖(𝜏) = 𝑎0,𝑖 + ∑ 𝑎𝑛,𝑖 cos 𝑛𝜔0𝜏
𝑁
𝑛=1 + ∑ 𝑏𝑛,𝑖 sin 𝑛𝜔0𝜏
𝑁
𝑛=1   (3.1) 
where 𝜔0 = 2𝜋 𝑇⁄  is the angular frequency, 𝑇 is the period of gait pattern deﬁned as the 
normalized ﬁnal time frame (i.e., 𝑇 = 100), 𝜏 is normalized instantaneous time frame, 𝑛 is 
the number of sine and cosine functions, 𝑖 is the walking speed (1, 2, 3, 4, 5 km/h), and 
𝑎0,𝑖, 𝑎𝑛,𝑖, and 𝑏𝑛,𝑖 are the Fourier coefﬁcients of 𝑖
𝑡ℎ walking speed. In this work, 𝑁 = 10 
sine and cosine functions were sufﬁcient to accurately ﬁt the gait pattern with average root 
mean square (RMS) difference less than 0.1° (0.03° and 0.05° at hip and knee joint, 
respectively). It can be observed that the periodic trajectories produced by Fourier series 
Figure 3.2: Single gait cycle hip ﬂex/extension trajectories of ﬁve different walking 
speeds (dotted lines) and two cycles of the periodic trajectories ﬁtted with Fourier series 
function (solid line). 
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(solid lines) ﬁt well with the single gait cycle hip ﬂex/extension trajectories (dotted lines) 
of ﬁve different walking speeds (see Fig. 3.2). 
3.2.3  Speed-dependent Intermediate Gait Patterns 
While the Fourier series function generates temporally continuous and periodic 
trajectory, it does not provide spatial continuity of joint trajectories between different 
speeds. However, the spatial continuity of gait patterns is another key aspect that is required 
to achieve the speed-dependent, smooth transition of joint trajectories in real-time. Herein, 
I describe an approach called proﬁle blending, which is a simple linear combination of two 
trajectories of different speeds given by 
Figure 3.3: Reference gait patterns of 1 to 5 km/h walking speeds (thick markers in (a) 
and (b), and solid lines in (c) and (d)) overlapped with intermediate gait patterns (dashed 
lines) produced by the proposed algorithm with speed ratio, 𝑟, of 0.25 step, (a) gait 
patterns in hip and knee ﬂex/extension plane, (b) foot path calculated by imposing joint 
trajectories to the lower body kinematic model, (c) hip and (d) knee ﬂex/extension joint 
trajectories in 100% gait cycle.   
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𝑔(𝜏) = {
𝑔1(𝜏), 𝑖𝑓 𝑠 < 1
(1 − 𝑟)𝑔𝑘(𝜏) + 𝑟𝑔𝑘+1(𝜏), 𝑖𝑓 𝑘 ≤ 𝑠 < 𝑘 + 1
𝑔5(𝜏), 𝑖𝑓 𝑠 ≥ 5
   (3.2) 
where 𝑔𝑘(𝜏) is the Fourier series function that represents gait pattern of the 𝑘
𝑡ℎ walking 
speed, 𝑠 is the given instantaneous walking speed in km/h, 𝑘 is the integer value between 
1 to 4, which indicates reference walking speed in km/h (1 ≤ 𝑘 ≤ 4,  𝑘 ∈ ℤ), and 𝑟 is the 
speed ratio between 𝑘 and 𝑘 + 1, which is deﬁned as the decimal portion of the given 
online walking speed, 𝑠 (𝑟 = 𝑠 − 𝑘). Note that if the given walking speed is between 𝑘 and 
𝑘 + 1 km/h, the output trajectory is produced by blending the 𝑘𝑡ℎ and 𝑘 + 1𝑡ℎ gait patterns 
(𝑔𝑘(𝜏) and 𝑔𝑘+1(𝜏)) according to the speed ratio, 𝑟. For instance, if the instantaneous 
walking speed is given as 2.4 km/h, the algorithm blends 60% of the 2 km/h gait pattern 
(𝑔2(𝜏)) and 40% of the 3 km/h gait pattern (𝑔3(𝜏)) to interpolate the intermediate gait 
pattern of 2.4 km/h. If the given walking speed is below 1 km/h or above 5 km/h, simply 
the gait pattern of 1km/h or 5km/h is assigned, respectively. As far as the given online 
walking speed, 𝑠, is continuous, which is likely assumption in most walking scenarios, the 
gait pattern will also be spatially continuous. Figure 3.3 illustrates the intermediate gait 
patterns with 𝑟 of 0.25 step overlapped on the reference gait patterns of 1 to 5 km/h walking 
speeds. The canonical spatial alteration of gait patterns can be observed according to the 
increased walking speeds between 1 and 5 km/h (dashed lines in Fig. 3.3) with negligibly 
small average RMS differences of approximately 0.13° and 0.15° at hip and knee joints, 
respectively, compared to the reference patterns obtained from [19]. 
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3.2.4  Gait Cycle Time Synchronization 
The online spatiotemporal transition of speed-dependent gait patterns was produced 
by the aforementioned Fourier series function and proﬁle blending methods described in 
the previous subsections. However, the synchronization of the gait cycle time according to 
the walking speed is not yet achieved, because the Fourier series was imposed on the 
reference gait patterns with normalized time frame (i.e., 100% gait cycle). Thus, the 
denormalization to the corresponding gait cycle time is needed to synchronize the gait 
pattern with the walking speed in terms of absolute time frame. To achieve this, I employed 
the estimated gait cycle time formula given by 
𝐶𝑇 = 2√
𝑆𝑅
𝑠 3.6⁄
      (3.3) 
where 𝑆𝑅 is the step ratio [19], calculated with the linear regression model according to: 
𝑆𝑅 = −0.532 + 0.02 ∗ 𝑠 + 0.47 ∗ ℎ    (3.4) 
where ℎ is the height of the subject [19]. The estimation of gait cycle time and the 
coefﬁcients of the linear regression model in Eqs. (3.3) and (3.4) are obtained from [19]. 
Based on this estimated gait cycle time, the normalized time frame in the Fourier series 
function was denormalized according to the given walking speed at every instant. This also 
indicates that the synchronization between the stance phase of foot velocity and the given 
walking speed is fulﬁlled. 
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3.3 Simulation Results 
The purpose of the simulation was to validate the smooth transition of the reference 
gait patterns according to the given walking speed in real-time. All simulation algorithms 
were programmed in MATLAB R2016A (Mathworks Inc., Natick, MA). The spatial and 
temporal change of gait patterns were evaluated through two different scenarios with 
arbitrarily given varying walking speeds as described below. 
3.3.1  Walking Scenario 1 
The ﬁrst scenario was programmed to demonstrate smooth and continuous 
transition in gait patterns as speed changes. This was given as a ramp and hold beginning 
at 1 km/h to 5 km/h in 3 seconds, followed by a 0.3 seconds hold at 5 km/h. Figure 3.4 
illustrates the simulation result of output trajectory (black solid line) overlapped on the 
Figure 3.4: The simulation result of Walking Scenario 1. Output joint trajectory (black 
solid line) on top of reference gait patterns (gray background lines) in hip and knee 
ﬂex/extension plane. The output trajectory shows smooth and continuous spatial change 
according to the input walking speed.   
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reference gait patterns (gray background lines) in the hip and knee ﬂex/extension plane. It 
can be observed that the algorithm generates smooth and continuous spatial changes in the 
gait pattern according to the input walking speed. 
3.3.2 Walking Scenario 2 
The second scenario was planned to evaluate overall spatiotemporal changes as 
well as the synchronization of the foot velocity with a more complicated varying walking 
speed. The foot velocity was calculated by imposing the joint trajectories to the lower body 
Figure 3.5: The simulation result of Walking Scenario 2. Bilateral (left – solid lines, right 
– dotted lines) output trajectories of hip (top graph) and knee (middle graph) 
ﬂex/extension joints, and foot velocities (bottom graph) over time. Note smooth spatial 
(magnitude in y-axis) and temporal (frequency in x-axis) changes in output trajectories 
according to the walking speed. The given walking speed (blue dashed line in bottom 
graph) is overlapped to illustrate synchronicity of stance phase of both foot velocities 
and varying walking speed. 
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kinematic model developed with lower limb lengths estimated by body-height [86]. The 
second walking scenario begins at a constant 1 km/h for 3 seconds, then a ramp up to 5 
km/h in a 5 seconds period, followed by a 6 seconds hold at 5 km/h, a ramp down to 2.5 
km/h in a 2 seconds period, and ﬁnally a 4 seconds hold at 2.5 km/h (see blue dashed line 
in bottom graph of Fig. 3.5). The output bilateral hip (top graph) and knee (middle graph) 
ﬂex/extension joint trajectories, and foot velocities overlapped with the given walking 
speed (bottom graph) in time domain are also shown in Fig 3.5. The trajectories of right 
side (dotted lines) were calculated by shifting 180° out of phase from the Fourier series 
function of the left side (solid lines). The smooth and continuous transitions are shown both 
in hip and knee joint trajectories spatially (magnitude in y- axis) and temporally (frequency 
in x- axis) according to the given walking speed. It can be also observed that the stance 
phase of both foot velocities is tracking well with the walking speed (blue dashed line) with 
mean error of approximately 0.24 km/h. 
3.4 Discussion 
Providing proper reference joint trajectories to guide natural walking motion is a 
challenging but fundamental requirement of robotic gait training. In this work, I introduced 
a novel method for generating online speed-dependent reference gait patterns that can be 
used for general robotic gait training applications. The major contribution of this work is 
that the proposed algorithm can generate smooth transitions of reference joint trajectories 
while synchronizing the foot velocity according to the input varying walking speed (e.g., 
treadmill speed). The simulation results suggest that the algorithm can become a useful 
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tool in practice for providing more natural reference walking motions for the robotic gait 
training as well as other applications such as virtual reality, game programming or 
animations. 
In this work, all ground truth information regarding the reference gait patterns was 
based on the previously validated prediction algorithm from [19]. According to my 
simulation results, I found that my algorithm based on reference gait patterns with 1 km/h 
step can produce reasonably accurate joint trajectories with average RMS difference less 
than 0.15° compared to those patterns obtained from [19]. This suggests that the proposed 
method would provide a more realistic walking experience during training of patients with 
neurological impairments. While only the hip and knee ﬂexion/extension joint trajectories 
from [19] were demonstrated in this work, this method can easily be expanded to other gait 
prediction algorithms with additional multi-joints in three dimensional space, provided the 
canonical gait patterns with different walking speeds.  
Another important factor, which is directly related to the safety in robotic gait 
training, is the synchronization of the foot velocity with the given walking speed. I 
employed the gait cycle time estimated by the regression model from [19] to obtain time-
denormalized joint trajectories, and tested the synchronicity with my lower body kinematic 
model. According to my simulation results from the second scenario, the mean error 
between given walking speed (blue dashed line in bottom graph, Fig. 3.5) and calculated 
foot velocity was approximately 0.24 km/h. This considerable difference may be caused 
by the prediction error in the regression model [19] and inaccurate anthropometric 
parameters [86] used for the kinematic model. Despite the error, it can be clearly observed 
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that the overall trend in the stance phase of the both foot velocities is well synchronized to 
the given change in walking speed. In future, however, experiment with human subject on 
a device is needed to validate the practical feasibility of the algorithm for the robotic gait 
training. 
3.5 Conclusions and Future Work 
In this work, I introduced a novel approach to establish an algorithm to adapt gait 
trajectories online based on changes in walking speed. My simulation results showed that 
the algorithm can generate smooth and continuous transitions between gait patterns 
according to the varying walking speed in a synchronous manner. I conclude that this 
algorithm can provide an online speed-dependent reference walking motions that can be 
applied to general robotic gait training. Future efforts should incorporate anthropometric 
data into gait pattern estimation and empirically test with human participants. 
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Chapter 4 
Quantifying Dosage of Physical Therapy using Lower Body Kinematics: 
A Longitudinal Pilot Study on Early Post-Stroke Individuals 
 
4.1  Introduction 
The first months following neurological injury such as stroke, known as the 
subacute stage, are the most critical to sensorimotor recovery of locomotor function [1]. 
Despite the importance of this initial stage, we lack detailed information of the patient 
therapy experience, which varies by therapist preference, patients’ abilities, and insurance 
coverage. Meta-analyses suggest that the initial impairment level is the strongest predictor 
after three months [22], [24]. These results could imply that spontaneous mechanisms 
dictate recovery, or on the other hand, could imply that our measures of recovery are too 
coarse to be useful predictors.  
Unlike pharmacological interventions, the dosage of physical therapy remains 
unmeasured or unspecified making assessment of its utility exceedingly difficult [87], [88]. 
The advent of wearable sensor technology, specifically using accelerometers, has vastly 
improved our ability to monitor motions in an in/outpatient environment [41], [89]–[91]. 
In lower limb recovery, the accelerometers were placed on the ankle to track the number 
of steps during and beyond training sessions [41], [90]. The researchers observed that the 
number of steps significantly correlated with gait outcome measures [90] and better 
predicted of functional gait compared to the intensity (heart rate reserve) [41]. While the 
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number of steps could be an accurate measure of therapy dosage, this finding may also 
reflect the limitations of the sensor technology. Specifically, with only foot acceleration 
measured, more detailed information about individual joint motions remain unknown, 
although are possibly critical to understanding dosage.  
Measuring joint kinematics in a clinical environment is challenging due to the 
limitations on in/outpatient accessibility and mobility. Typical motion capture technology 
requires a light-controlled, fixed environment and a lengthy setup time. The recent 
introduction of wireless motion capture based on inertial measurement units (IMUs) 
provides a flexible, more user-friendly alternative to optical methods [29]. IMUs are 
portable, low-profile devices composed of accelerometers, gyroscopes and magnetometer 
measuring linear acceleration, angular velocity and angular orientation relative to earth’s 
magnetic field, respectively. By combining its output, IMUs provide three-dimensional 
angular motion of individual body segments as well as joint angle trajectories. Recent work 
has validated the accuracy of these sensors relative to optical motion capture [30]. 
Importantly, unlike optical motion capture systems, IMUs are minimally obtrusive to 
therapy with a short setup time and ability to monitor motion within a 20 m radius indoors, 
making them feasible for inpatient and outpatient studies.  
The objective of this observational pilot study is to examine the role of joint 
kinematics during therapy over the early stage of recovery. To achieve this, I longitudinally 
monitored full lower body kinematics and heart rate of six post-stroke individuals from the 
first inpatient gait therapy session until the 12th week of therapy in an outpatient setting. 
Amount of motion (AoM), the total joint displacements measured from IMU sensors, was 
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used as our primary dosage of therapy feature. My main functional outcome measure was 
gait speed recorded during therapy sessions. I expected to find joint motions would be 
better predictors of recovery than number of steps due to the richer data provided. I also 
expected to find that training with greater focus on the impaired side would be associated 
with greater functional improvements [92].  
To our knowledge, this work is the first longitudinal study measuring full lower 
body kinematics during physical therapy sessions on subacute post-stroke individuals. The 
information gleaned from this study will provide a more nuanced picture of post-stroke 
recovery during the early stage, leading towards better predictors and an improved 
understanding of the benefits of physical therapy. 
4.2 Methods 
4.2.1  Patients 
I recruited nine individuals with subacute stroke (<1 month) to participate in this 
study in accordance with the University of Texas Institutional Review Board and St. 
David’s Medical Center located in Austin, TX. Among nine patients, six individuals were 
longitudinally monitored for a total of 59 one-hour physical therapy sessions consisting of 
gait and non-gait activities. Individuals ranged in age and impairment level (see Table 4.1). 
Inclusion criteria of this study were: ischemic cerebral infarction based on MRI data, 
hemiparesis, premorbidly independent, within two weeks following injury or as soon as 
able to participate in gait training determined by the physical therapist. Exclusion criteria 
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include cerebellar damage, prior stroke, stroke-related pain syndromes, or functionally 
relevant neuromuscular impairments.  
 Participants were allowed to use any assistive devices including wheelchair, body 
weight support, walker, cane or ankle foot orthosis (AFO) during sessions if necessary (see 
Table 4.1). Prior to the first session, the experimenter and therapist explained all the 
experimental procedures and obtained informed consent. I began monitoring therapy as 
soon as patients were capable of beginning gait therapy, i.e. as soon as the patients were 
able to stand with therapist’s assistance and ready for walking. Three participants did not 
complete the full dataset; one participant did not complete the full 12 therapy sessions due 
to discharge to a different hospital (P2), one could only complete 11 sessions due to lack 
of insurance coverage (P3), and one was discharged to home therapy (P4). Three 
participants were excluded from the dataset because two of them were not able to walk  
before discharge and one discharged before the recording session.   
Table 4.1: Demographics and clinical characteristics of participants. 
Patient # P1 P2 P3 P4 P5 P6 
Age (years) 61 59 68 68 52 27 
Sex M M M M F M 
BMI (kg/cm2) 29.6 25.8 28.7 28.2 25.8 40.5 
Affected side L L R R L R 
1st recording after admission (days) 15 5 6 7 20 31 
Recordings (sessions) 12 7 11 5 12 12 
Ankle foot orthosis (used sessions) - 6 11 - - 12 
Assistive device (used sessions) 1 7 3 5 10 11 
Baseline impairment (admission motor FIM score) 18 26 31 22 22 16 
 
BMI – body mass index, FIM – functional independence measure, M – male, F – female, L – left, R – right 
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4.2.2  Experimental Setup and Protocol 
My goal was to consecutively monitor conventional physical therapy sessions with 
minimal intrusion. I targeted a maximum 12 recording sessions over the course of the first 
three months throughout the inpatient to outpatient phases. My recording session frequency 
was greater in the earlier stages of recovery, i.e. two/week for three weeks, one/week for 
four weeks, then one every other week. For each session, I attached seven commercial IMU 
motion sensors (XSens, Enschede, The Netherlands) on the pelvis and bilaterally on thighs, 
shanks and feet. IMUs provide three-dimensional angular motion of each body segment at 
a sampling rate of 60Hz. Patients also donned a heart rate monitor (Polar Electro, NY) on 
Figure 4.1: Capture of a patient receiving conventional physical therapy while wearing 
IMU and heart rate (underneath t-shirt) sensors.  
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the chest to record heart rate sampled at 1 Hz. Data was transmitted wirelessly to a 
commercial Latitude E5470 laptop (Dell, TX).  
The total setup time took approximately 10 to 20 minutes. All setup was performed 
immediately prior to the normally scheduled physical therapy sessions. After donning 
sensors, participants were asked to maintain a straight standing position for five seconds to 
calibrate the system. Therapist assistance was provided for this calibration as necessary. 
Further recalibrations of the system were conducted during the therapy session if sensor 
drift was detected. Following calibration, patients performed typical 1-hour training under 
the supervision of a physical therapist (see Fig. 4.1). The experimenter used a cart to follow 
the patient and therapist to maintain wireless communication of sensor signals. The 
experimenter noted all therapy activities. Altogether, the setup time and donning the 
sensors provided minimal disruption to the typical therapy regimen. Each therapy session 
incorporated a number of tasks aside from overground walking and body weight supported 
treadmill training. Sessions included activities of daily living such as transferring to 
wheelchair and stair climbing, strengthening activities such as an exercise bike and weight 
bearing, as well as coordination activities such as stepping and balancing. After the session, 
all sensors were removed from the patient.  
4.2.3  Feature Extraction and Outcomes 
For each session, all features of therapy dosage and gait outcome measures were 
extracted from the recorded joint kinematics and heart rate data. Custom software was 
written in MATLAB (Mathworks, Inc. R2016a, Natick, MA) to calculate the features and 
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outcomes. Figure 4.2 shows an  example of recorded data including absolute angular 
velocity of right hip joint and heart rate change from baseline over a whole 1-hour physical 
therapy session. IMU data incorporated three-dimensional orientations of all lower body 
segments as well as joint angle trajectories. Sensor data and notes taken by the 
experimenter were used to extract the features of therapy dosage and the gait outcomes as 
described below.  
I categorized the features of dosage into amount, intensity and variability consistent 
with the previous works [41], [93]. The amount was defined in two different ways: the 
number of steps and the amount of motion (AoM). The number of steps was measured by 
counting the heel strike events of each foot during the walking portion [94]. AoM was 
defined as the total angular displacement measured from IMU sensors. AoM at each 
Figure 4.2: Absolute angular velocity, |ω|, at right hip joint obtained from IMU sensors 
(top graph) and heart rate change, ∆𝐻𝑅, from baseline (bottom graph) during a 1-hour 
physical therapy session. 
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individual joint was calculated with the integration of absolute angular velocity at each 
joint over whole 1-hour session including both gait and non-gait tasks as given by  
𝐴𝑜𝑀𝑖 = ∫ |𝜔𝑖(𝑡)|𝑑𝑡
𝑇
0
     (4.1) 
where ω𝑖(𝑡) is the angular velocity of 𝑖th joint, 𝑇 is the final time of the session, and 𝑖 
represents each joint motion. The joint motions of interest included all three rotations of 
the pelvis and hip, as well as knee flexion/extension and ankle dorsi/plantarflexion and 
were defined as individual AoMs. The total AoM was defined as the sum of all joint AoMs. 
The total AoM was additionally partitioned in gait and non-gait periods (AoMG and 
AoMNG, respectively) and by unaffected (AoMUS) and affected (AoMAS) sides. Intensity 
was estimated by the change in heart rate (∆𝐻𝑅) determined by average heart rate during 
therapy from the baseline heart rate during rest before the session [95], [96]. Variability 
was defined as number of tasks performed during the session recorded by the experimenter. 
Each session was composed of various tasks depending on the patient’s ability and 
therapist’s discretion.   
The increased gait speed in patients with stroke is known as highly correlated with 
improvements in functional recovery [42]. Thus I selected gait speed as the main functional 
outcome measure [41], [93]. In each session, I extracted a portion of therapy with normal, 
straight walking at a comfortable speed. I then obtained joint angle trajectories and 
truncated them into single gait cycles from heel strike to heel strike of the left foot [94]. 
The average distance and time taken by each gait cycle in the sample were extracted by 
using the lower body kinematic model with the lower limb lengths estimated by the 
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anthropometric data based on height [97]. The average gait speed was then calculated by 
dividing average distance by the time taken by each gait cycle.   
4.2.4  Statistical Analysis 
R version 3.4.1 (2017 The R foundation for Statistical Computing) was used for the 
statistical analysis. Linear mixed regression model was used to test the relationship 
between features of therapy dosage and average gait speed as a gait performance measure 
with significance level, 𝛼 = 0.05. All features of dosage including AoM (total, partial or 
individual), step number, ∆𝐻𝑅, number of tasks performed were standardized and used as 
fixed effects and the subject was used as random effect of the mixed model. For the 
evaluation of better or best indicator of gait performance, I used comparison tools for mixed 
model including Akaike information criteria (AIC), Bayesian information criteria (BIC) 
and coefficient of determination (R2) [98]. To compare the difference in AoM between 
unaffected and affected sides, I used paired t-test with significance level of 𝛼 = 0.05.  
4.3 Results 
4.3.1  Overall Dosage of Therapy 
 I first examined how the extracted features representing therapy dosage correlate 
with gait speed. Figures 4.3A and 4.3B illustrate changes over time in features of therapy 
dosage and the functional outcome, gait speed, respectively, for all six patients. I used 
linear mixed regression models on these data for the statistical analysis. The results 
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indicated all the independent variables were significantly correlated with gait speed,  
including total AoM (𝑝<0.01), step number (𝑝<0.01), types of tasks performed (𝑝<0.01), 
∆𝐻𝑅 (𝑝<0.05), and time (𝑝<0.01). According to the goodness-of-fit measures, total AoM 
(R2 =32.1%) revealed the greatest explained variance followed by time (R2 =15.5%), step 
number (R2 =14.1%), types of tasks performed (R2 =8.0%) and ∆𝐻𝑅 (R2 =5.8%) with 
consistent trends in AIC and BIC (smallest AIC and BIC for total AoM and greatest for 
∆𝐻𝑅). These results are summarized in Table 4.2.  
4.3.2 Amount of Motion during Gait and Non-Gait Periods 
I divided AoM into gait (AoMG) and non-gait (AoMNG) portions for each whole 1-
hour therapy session to analyze the differential effects of gait on recovery. On average, 
45.5% of the duration of the therapy session was dedicated to gait training, and 75.3% of 
Figure 4.3: A Changes in features of therapy dosage over time (top left) total amount of 
motion, (top right) step number, (bottom left) average change in heart rate from baseline, 
(bottom right) types of tasks performed. B Changes in outcome measure of average gait 
speed over time. 
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the total AoM during a therapy session occurred during walking. Table 4.2 shows the  
results of models with AoMG and AoMNG. AoMG demonstrated a significant association 
with gait speed (𝑝<0.01) whereas AoMNG alone did not (𝑝=0.29). However, the model 
including both AoMG and AoMNG showed both parameters significantly correlated with 
gait speed (𝑝<0.01 for AoMG and 𝑝<0.05 for AoMNG). Further, the variance accounted for 
the latter model (32.1%) was higher than AoMG alone (R
2 =24.9%) and AoMNG alone (R
2 
=0.8%). I also compared AoMG alone with step number. While they both revealed 
significant associations with gait speed (both 𝑝<0.01), the variance explained by AoMG (R2 
=24.9%) was greater than step number (R2 =14.1%). Additional correlation analyses 
demonstrated stronger association between AoMG and step number (r = 0.93) than total 
AoM with step number (r = 0.83).  
Table 4.2: p-values and goodness-of-fit measures of linear mixed models with features of 
therapy dosage and average gait speed. 
 Fixed Effects 𝛽 [95% CI] 𝑅2 AIC BIC 
Dosage of 
therapy 
features 
𝐴𝑜𝑀𝑇𝑜𝑡𝑎𝑙 0.534 [0.366, 0.703]*** 32.1%
a 105.9 114.3 
𝑇𝑖𝑚𝑒 0.413 [0.276, 0.549]*** 15.5% 108.9 117.2 
𝑆𝑡𝑒𝑝𝑠 0.374 [0.196, 0.552]*** 14.1%a 121.6 129.9 
𝑇𝑎𝑠𝑘𝑠 0.275 [0.083, 0.468]** 8.0% 129.6 137.9 
∆𝐻𝑅 0.237 [0.003, 0.470]* 5.8% 133.4 141.8 
AoM during 
gait and 
non-gait 
period 
𝐴𝑜𝑀𝐺 0.473 [0.305, 0.641]*** 24.9 %
a 111.3 119.6 
𝐴𝑜𝑀𝑁𝐺 0.097 [-0.085, 0.279] 0.8 % 136.4 144.7 
𝐴𝑜𝑀𝐺 
𝐴𝑜𝑀𝑁𝐺 
0.507 [0.343, 0.671]*** 
0.173 [0.029, 0.318]* 
32.1 %a 107.5 117.9 
 
AoMTotal – total amount of motion, ∆𝐻𝑅– heart rate change, AoMG – amount of motion during gait, AoMNG – 
amount of motion during non-gait, CI – confidence interval, AIC – Akaike Information Criterion, BIC – 
Bayesian Information Criterion, *** 𝑝<0.001, ** 𝑝<0.01, * 𝑝<0.05 
aNote that models with AoMTotal and AoM with both gait and non-gait portions (AoMG and AoMNG) best 
represent the data as opposed to AoM during gait only (AoMG) and step number.  
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4.3.3 Amount of Motion at Individual Joints 
I additionally observed how specific joint motions were correlated with functional 
gait recovery. Because joint AoMs were not independent (average r = 0.86), I modeled 
each joint motion alone instead of multiple joint AoMs. Results are presented in Table 4.3. 
All individual joints were significantly correlated with the average gait speed (𝑝<0.01). 
Goodness-of-fit measures varied between R2 =16.5 – 31.2%, the greatest at hip 
abduction/adduction and smallest at hip internal/external rotation, both of the unaffected 
sides.  
Table 4.3: p-values and goodness-of-fit measures of linear mixed models with partial 
and individual AoMs and average gait speed.  
 Fixed Effects 𝛽 [95% CI] 𝑅2 AIC BIC 
AoM of US/AS 
𝐴𝑜𝑀𝑈𝑆 0.536 [0.364, 0.708]*** 32.9% 106.9 115.2 
𝐴𝑜𝑀𝐴𝑆 0.503 [0.337, 0.668]*** 27.8% 107.9 116.2 
AoM of 
individual joints 
at pelvis 
𝐴𝑜𝑀𝑃𝑒𝑙,𝑡𝑖𝑙𝑡  0.531 [0.343, 0.718]*** 30.6% 111.1 119.4 
𝐴𝑜𝑀𝑃𝑒𝑙,𝑜𝑏𝑙𝑞  0.500 [0.319, 0.681] *** 27.4% 112.1 120.4 
𝐴𝑜𝑀𝑃𝑒𝑙,𝑟𝑜 0.429 [0.234, 0.623] *** 19.0% 120.2 128.5 
AoM of 
individual joints 
at US 
𝐴𝑜𝑀ℎ𝑖𝑝,𝑎𝑏𝑑 0.547 [0.371, 0.723] *** 31.2% 106.9 115.2 
𝐴𝑜𝑀ℎ𝑖𝑝,𝑖𝑒  0.383 [0.184, 0.583] *** 16.5% 124.0 132.3 
𝐴𝑜𝑀ℎ𝑖𝑝,𝑓𝑒 0.457 [0.266, 0.647] *** 24.8% 117.8 126.2 
𝐴𝑜𝑀𝑘𝑛𝑒𝑒,𝑓𝑒 0.509 [0.353, 0.665] *** 29.2% 104.5 112.8 
𝐴𝑜𝑀𝑎𝑛𝑘𝑙𝑒,𝑝𝑑𝑓 0.470 [0.301, 0.639] *** 24.1% 111.9 120.2 
AoM of 
individual joints 
at AS 
𝐴𝑜𝑀ℎ𝑖𝑝,𝑎𝑏𝑑 0.427 [0.252, 0.603] *** 19.8% 117.0 125.3 
𝐴𝑜𝑀ℎ𝑖𝑝,𝑖𝑒  0.403 [0.223,  0.582] *** 16.7% 119.6 127.9 
𝐴𝑜𝑀ℎ𝑖𝑝,𝑓𝑒 0.451 [0.276, 0.626] *** 23.5% 114.9 123.2 
𝐴𝑜𝑀𝑘𝑛𝑒𝑒,𝑓𝑒 0.520 [0.364, 0.675] *** 28.1% 103.4 111.7 
𝐴𝑜𝑀𝑎𝑛𝑘𝑙𝑒,𝑝𝑑𝑓 0.484 [0.320, 0.648] *** 26.0% 109.3 117.6 
 
US – unaffected side, AS – affected side, Pel – pelvis, oblq – obliquity, ro – rotation, abd – abd/adduction, 
ie – int/external rotation, fe – flex/extension, pdf –  plantar/dorsiflexion. Note better representation of data 
on unaffected side compared to affected side. Also, joints with various ranges of motion (knee, hip 
abduction, pelvic tilt) represent data best on joint level (see discussion section). 
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4.3.4 Amount of Motion between Unaffected/Affected Sides 
Next I determined the degree to which the motion on the affected and unaffected 
sides corresponded to recovery. Both AoMUS and AoMAS were significantly correlated with 
functional gait recovery (both 𝑝<0.01, see Table 4.3). However, the goodness-of-fit 
measures demonstrated slightly greater explained variance in AoMUS (R
2 =32.9%) 
compared to AoMAS (R
2 =27.8%) with similar trends in AIC and BIC. Secondly, paired t-
tests were used to evaluate absolute differences between AoMUS and AoMAS as well as 
individual joints (i.e., hip flexion/extension, abduction/adduction, internal/external 
rotation, knee flexion/extension and ankle plantar/dorsi-flexion) of bilateral legs (see Table 
4.4). There were no significant differences between AoMUS and AoMAS, and individual 
joints (all 𝑝>0.05) except for ankle plantar/dorsiflexion with greater AoM at unaffected  
side (𝑝<0.05). 
4.4 Discussion 
The “dosage” that physical therapy provides would be one of the most fundamental 
but least understood phenomena in rehabilitation. In this study, I took the novel approach 
Table 4.4: Paired t-test between AoM of unaffected/affected sides. 
 ∆𝐴𝑜𝑀 [95% CI] 𝑝-value 
𝐴𝑜𝑀𝑈𝑆/𝐴𝑆 22911° [-4659, 50481] 0.09 
𝐴𝑜𝑀ℎ𝑖𝑝,𝑎𝑏𝑑 -867° [-3154, 1420] 0.37 
𝐴𝑜𝑀ℎ𝑖𝑝,𝑟𝑜 -5112° [-14125, 3901] 0.20 
𝐴𝑜𝑀ℎ𝑖𝑝,𝑓𝑒 5536° [-3582, 14654] 0.18 
𝐴𝑜𝑀𝑘𝑛𝑒𝑒,𝑓𝑒 10870° [-1199, 22939] 0.07 
𝐴𝑜𝑀𝑎𝑛𝑘𝑙𝑒,𝑝𝑑𝑓 12484° [2592, 22376] < 0.05* 
 
∆𝐴𝑜𝑀 = 𝐴𝑜𝑀𝑈𝑆 − 𝐴𝑜𝑀𝐴𝑆 
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measuring therapy using portable lower limb motion capture. Additionally, I longitudinally 
recorded therapy sessions during both inpatient and outpatient phases in order to measure 
as early and extensively as possible. My main finding was that the amount of motion (AoM) 
was a better predictor of gait speed than the number of steps, spontaneous recovery (i.e. 
time), intensity measured by heart rate change or the types of tasks performed. This result 
and the additional findings outlined in this study suggest that wearable sensors can become 
a valuable tool for better understanding dosage of therapy received and the efficacy of 
rehabilitation training. 
Several early studies attempted to quantify dosage of therapy by observing duration 
or number of repetitions in task-specific movements [87], [88], [99], [100]. More recent 
studies measured overall limb motions using accelerometers and concluded that the number 
of steps was associated with improved gait recovery [41], [90], [101]. However, I 
hypothesized that richer data involving joint motions would reveal greater nuance and thus 
result in a more accurate correlate of recovery. I observed that the AoM was substantially 
better associated with recovery (32.1% of variance) than number of steps (14.1% of 
variance). This result suggests that obtaining joint kinematics during therapy results in a 
useful predictor of recovery. Since this was an observational study, I cannot conclude 
whether inducing greater AoM will result in improved recovery. Yet I speculate that this 
relationship would likely be found given the greater walking outcomes in the high intensity 
therapy group compared to the control group who received conventional therapy [41].  
It is possible that the high correlation of AoM with gait speed is due to the simple 
observation that walking faster results in greater joint motion. My results suggest that this 
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is not the case. I separated the AoM during gait (AoMG) from AoM during activities other 
than gait (AoMNG, e.g. transfers, stretching/balancing, exercise bike, etc.). If gait speed was 
primarily a reflection of the amount of motion during gait of a therapy session, we would 
expect the highest correlation between AoMG and gait speed. On the contrary, the model 
that accounted for the greatest variance in gait speed included both AoMG and AoMNG 
(Table 4.2), suggesting that the motions during non-gait tasks were important in explaining 
recovery. This corresponds with previous finding that the exercise dose including both gait 
and non-gait training in the early stage is an important indicator of walking speed [102].  
Further, while AoMG correlated strongly with step number (r = 0.93), total AoM was not 
as strong (r = 0.83) despite being a better predictor of gait recovery than step number. Thus, 
these results indicate that AoM provides valuable information not included in step number. 
In addition to AoM, other features including time, step number, change in heart 
rate, and types of tasks were also significantly correlated with gait speed. These results are 
consistent with previous works [21], [41], [101]. The correlations of these parameters 
indicate that they may also be useful predictors for recovery. However, the finding that 
time (R2 =15.5%) explained more variance than the other variables including step number 
(R2 =14.1%) suggests that these features may have limited value in predicting 
improvements in gait speed compared to spontaneous recovery. 
While recording kinematics of all seven lower body segments provides a rich 
kinematic dataset, it is possible we could get similar predictive value from fewer sensors 
given that all individual joint AoMs significantly associated with gait speed (all 𝑝<0.01, 
see Table 4.3). I found the greatest explained variance in unaffected side hip 
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abduction/adduction (R2 =31.2%) followed by pelvic tilt (R2 =30.6%), and bilateral knee 
flexion/extension of the unaffected (R2 =29.2%) and affected (R2 =28.1%) sides. It should 
be noted that bilateral knees had the lowest AIC and BIC in contrast to the R2 values. 
Although not completely consistent, the correlation between R2 and both information 
criteria (AIC and BIC) were reasonably strong (both r = -0.86) indicating similar trends 
between goodness-of-fit measures. It is unclear why hip abduction/adduction of the 
unaffected side appeared to be so influential given that it is not typically a focus of 
treatment or locomotor function. This result may be related to the strong correlation 
between range of motion at unaffected side hip abduction/adduction and gait speed in 
stroke individuals [26]. Further research is needed to investigate this relationship, which 
may indeed be epiphenomenal. On the other hand, pelvic tilt is highly correlated to gait 
speed, and its increased range of motion would indicate greater fore/aft balance [103], 
[104]. The inclusion of knee flexion/extension is expected as this joint has long been 
believed a key contributor of functional activities including walking [105]. These results 
would suggest that a single IMU on the pelvis, or an additional one on the unaffected thigh, 
or measuring knee joint motions could provide similar predictive power as a full lower 
body suit. Even further, I cannot dispute that a single low-cost gyroscope on the pelvis or 
other aforementioned locations (i.e., thigh, shank) could also provide reasonably accurate 
prediction of recovery [106].  
I observed that AoM of the unaffected side explained more variance than the 
affected side (Table 4.3), which was surprising. I assumed that therapeutic principles of 
forced use, successfully applied to the upper limb [92], would translate to the lower limb. 
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However, despite no clear difference in the AoM between sides (except for ankle 
dorsi/plantarflexion likely be explained by restricted motion from AFO, see Table 4.4), the 
unaffected side accounted for 32.9% of the variance compared to 27.8% of the affected 
side. This result may be supported by previous studies that found greater correlations 
between gait speed and selected joint variables (i.e., joint range, moment, power, muscle 
strength) of the unaffected lower limb than affected side although these studies were 
conducted on chronic post-stroke individuals [26], [107]. Thus, there is no evidence that 
the forced use of the lower limb is applied in current gait therapy. However, this result 
justifies further investigation whether this therapeutic principle of forced use on affected 
limb will improve better functional recovery.  
The purpose of this study is to provide initial evidence that recording gait 
kinematics during therapy can provide more valuable information than previously 
measured quantities such as step number. My observations suggest that it can. However, 
these results come with important caveats. For example, my conclusions are limited to a 
small sample size only including mildly to moderately impaired individuals who were 
capable of walking within the initial stage of recovery. Also, my inclusion criteria restricted 
my sample size, along with the need to recruit patients remaining in the same inpatient 
institution for outpatient therapy. The average length of inpatient hospital stay in US is 
approximately 3 weeks [108], and many of the patients were not able to continue the 
outpatient therapy after discharge (e.g., location, insurance coverage, move to other 
facilities or receiving home therapy, etc.). Thus, I filtered out many patients during the 
screening and recruited only those who were likely to continue the outpatient therapy at 
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the same hospital. Even from those recruited participants, not everyone could complete full 
12 recording sessions due to similar reasons. Despite the small sample size, my data still 
provided clear initial results on the relative importance of several indicators of recovery, 
offering a glimpse into how therapy can be effectively monitored in the future. However, 
expanding this work incorporating a larger range of impairment levels, possibly through a 
network of hospitals, would overcome these hurdles and improve generalizations.  
My conclusions are also limited to the assumption that gait speed is the primary 
measure of functional gait recovery [42]. However, there are other clinical measures of 
functional recovery such as Functional independence measure (FIM), Berg balance scale 
or 5X sit-to-stand [109]–[111]. I did not include clinical measures of gait recovery here 
because these measures were not acquired every therapy session and thus were not helpful 
in explaining variance. However, future work with a larger cohort could make use of 
valuable predictors such as clinical outcomes, brain structure, lesion mapping, and others 
[23], [24].  
There were also technical limitations that may have affected my results. IMUs have 
historically shown inaccuracies compared to optical motion capture [112]. Effects such as 
drift due to the inhomogeneity of the magnetic field can have deleterious consequences on 
data collection. I tried to mitigate these issues as much as possible by using an IMU motion 
capture system specifically designed for capturing kinematics [29], and has been 
previously validated [30]. This system has proprietary software features that help reduce 
the effects of sensor drift and claims an accuracy of 1.5° [29]. While our system provides 
rich data with the ability to monitor patient’s motion in real-time, the relatively short 
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battery life compared to simple accelerometers restricted to measure the activities beyond 
the therapy sessions. However, the activities in daily life beyond therapy may have affected 
the patient’s recovery especially during outpatient phase. I expect that future advances in 
IMU technology including prolonged battery life will lead to more accurate and broader 
data collection. I also hope that the advent of wearable sensors such as wireless flexible 
electronics can make use of additional physiological information such as ground reaction 
force and muscle activity to better identify the dosage of therapy [106], [113], [114].  
4.5 Conclusions 
Despite decades of research on physical therapy, we still lack knowledge of its 
active factors of effective regimen. In this work I introduced a novel approach of recording 
lower body kinematics longitudinally during the first three months of therapy post-stroke. 
I conclude that the amount of joint motion during gait therapy can be an important predictor 
of recovery (gait speed) in post-stroke individuals, and perhaps more useful than step 
number. Portable motion capture using inertial measurement units can provide valuable 
data and greater insight into the therapy experience. These promising initial results justify 
further research into the dosage of therapy in a larger clinical study.  
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Chapter 5 
Does Kinematic Gait Quality Improve with Functional Gait Recovery? 
A Longitudinal Pilot Study on Early Post-Stroke Individuals 
 
5.1  Introduction 
Restoration of gait and motor recovery following neurological injury such as stroke 
involves improvements both in functional ability and quality of movements. However, 
typical clinical outcomes for measuring gait are mostly focused on functional ability such 
as gait speed [42], timed-up-and-go [43], six minute walk [44], and others; only sparse 
information on gait quality in the form of symmetry or natural gait patterns are 
characterized. Disturbances in gait quality are associated with an increased risk of falls 
[46], greater energy expenditure [27] and may lead long term problems such as learned 
non-use or use-dependent plasticity and pain [47], [48]. For instance, patients with 
asymmetric gait have shown greater metabolic energy expenditure from 50% to 67% more 
than that of body weight-matched healthy controls with same walking speed [49].  
The definition of recovery is controversial. In upper extremity studies, most 
interventions are based on outcome measures related to functionality of the affected limb 
[115]. Consistent with this philosophy, one of the most effective therapies involves forced 
use of the affected limb [92]. In terms of gait, the goal is often to restore healthy 
spatiotemporal symmetry, indicating a recovery on the affected limb [116]. Robotic gait 
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training is another example attempting to regain symmetric, natural gait patterns of both 
limbs [12]. On the other hand, an opposing philosophy in recovery is that the more mobile 
unaffected limb will take over for the reduced functionality of the affected limb. For 
example, a previous study on chronic post-stroke individuals reported that longer step 
length in affected side may be represented by relatively greater compensatory action of the 
unaffected leg [117]. Thus, it is unclear how the affected and unaffected limbs contribute 
to gait function (speed) during the recovery period after stroke.  
Parameters to measure gait quality can be broken down into more than just 
spatiotemporal characteristics. While spatiotemporal symmetry has been well charted in 
post-stroke individuals [117]–[119], this parameter is composed of combination of joint 
motions, or joint kinematics. Post-stroke individuals also exhibit significant asymmetry in 
joint kinematics with greater inter-individual variability than spatiotemporal characteristics 
[27]. Typical asymmetry in joint kinematics includes reduced hip extension, knee flexion 
and ankle dorsi/plantarflexion, and knee hyperextension on impaired side [26], [49], [120]. 
While these studies have attempted to characterize disturbances in joint kinematics after 
stroke [27], the majority report instantaneous measurements on chronic patients. There is 
currently a lack of information regarding how these joint kinematics change over the course 
of initial (subacute) recovery.  
In recent years, limb kinematics, related to end-effector movement in task space 
(e.g., limb length [28], leg extension angle [121], and foot path area [16]), are suggested to 
be an important parameters for locomotor function [28] (Figure 5.2, middle). Description 
of the end-effector (i.e., foot) location is likely more relevant to underlying control of gait. 
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It may also be a more accurate way to describe gait recovery post-stroke. For instance, 
Chang et al. suggested that joint kinematics were coordinated with greater variance to 
preferentially conserve and stabilize the limb kinematics of walking after neuromuscular 
injury of cats [28]. In humans, however, no evidence exists to show how spatiotemporal 
characteristics, along with limb or joint kinematics change over the course of early 
recovery and whether they correspond with gait function. Characterizing how these gait 
quality parameters change over recovery can help determine how to time interventions to 
maximize function. 
The objective of this observational pilot study is to examine changes in gait quality 
in terms of spatiotemporal, limb and joint kinematic features over the initial stage of 
recovery. The primary technical challenge of this endeavor is measuring kinematics in a 
clinical environment longitudinally. I overcome this problem by using portable, 
unobtrusive IMU motion capture to measure gait kinematics over the initial recovery stage 
of 12 weeks. Given that a large variance has been commonly reported in  joint kinematics 
[27], [28], my first hypothesis is that gait quality will remain asymmetric over the course 
of early recovery, and the asymmetry will be mainly driven by joint kinematics. Second, I 
expect the impaired side of limb kinematics will preferentially associate with increased gait 
speed over joint kinematics, reflective of a previous study in cats [28]. Finally, I 
hypothesize kinematic features of the unaffected side will contribute to the walking 
function more than affected side due to the residual capacity of greater motor function in 
the unaffected side [48], [117]. 
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This work will describe a novel characterization of disturbances in gait quality 
during the early recovery process. The information from this study will justify the 
importance of gait quality and delineate underlying kinematic mechanism of how patients 
improve functional recovery with disturbed gait quality throughout the initial stage, 
providing insight for more effective therapy regimens.  
5.2 Methods 
Data was collected as described in Chapter 4.  
5.2.1  Gait Features and Outcomes 
For each session, a normal, straight overground walking at a comfortable speed was 
sampled to extract features of gait quality and gait outcome measures. Custom software 
was written in MATLAB (Mathworks, Inc. R2016a, Natick, MA) to calculate the features 
and outcomes. The joint angle trajectories of the sampled gait portion were truncated and 
Figure 5.1: Example joint angle trajectories of single gait cycle (left heel strike to heel strike) 
in sagittal plane (12th session of patient 5), hip flexion/extension (left), knee flexion/extension 
(middle), and ankle dorsi/plantarflexion (right). 
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normalized into 100% of gait cycle from heel strike to heel strike of the left foot [94]. 
Figure 5.1 illustrates an example of recorded gait kinematics data from a session including 
bilateral joint angle trajectories of single gait cycle in sagittal plane. Gait features and 
outcome measures were extracted by imposing the gait kinematics data into lower body 
kinematic model with the lower limb lengths estimated by the anthropometric data based 
on height of each individuals as described below [97]. 
I categorized gait features into spatiotemporal characteristics, limb and joint 
kinematics (see Fig. 5.2). Parameters of spatiotemporal characteristics include step length 
and step time, defined as the linear distance between right and left feet, and the duration of 
each step, respectively [122] (see Fig. 5.2, left). Limb kinematics is related to end-effector 
movement in task space, and suggested to be an important parameter for locomotor 
function [28]. The parameters of limb kinematics incorporate limb length (LL) [28], leg 
Figure 5.2: Features of gait quality. Spatiotemporal characteristics include step length and 
step time (left), limb kinematics include leg extension angle, limb length and foot path area 
(middle), and joint kinematics include range of selected joint motions (right). 
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extension angle (LEA) [121], and foot path area (FPA) [16] defined as the range of linear 
distance between hip and foot, the angle between a line from hip to the foot and vertical 
before toe-off, and area of foot pattern from hip in sagittal plane during gait cycle, 
respectively (see Fig. 5.2, middle). The parameters of joint kinematics are defined as the 
range of selected joint motions (RoM) including all three rotations of hip, knee 
flex/extension and ankle dorsi/plantarflexion (Fig. 5.2, right). All features involve affected 
and unaffected sides, enabling symmetry analysis.  
The increased gait speed in patients with stroke is highly correlated to 
improvements in functional recovery [42]. Thus I selected gait speed as the main functional 
outcome measure [41], [93]. In each session, the average gait speed was calculated by 
dividing average distance by the time taken by each gait cycle.   
5.2.2  Symmetry Test of Gait Features 
5.2.2.1 Overall gait symmetry  
Symmetry is a common measure of gait quality [25], [123]. In its simplest form, 
symmetry is represented by the ratio of stance time on each limb or step length [117]. But 
one can walk with symmetric spatiotemporal characteristics and still exhibit asymmetric 
walking (i.e., asymmetric in kinematics). Here I combined all the aforementioned gait 
parameters into one symmetry measure by employing the combined gait asymmetry metric 
(CGAM) based on Mahalanobis distance [123]. Mahalanobis distance is a distance 
measure of a multi-dimensional data point in a data distribution space [124]. Compared to 
Euclidean distance, the Mahalanobis distance takes covariance of data into account to 
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standardize the scaling of distance measure in multi-dimensional space. The CGAM uses 
Mahalanobis distance from ideal symmetry (i.e., zero) to the symmetry ratio obtained from 
gait parameters. For each session, the symmetry ratio of 𝑖th gait parameter was calculated 
with the symmetry ratio index [123] given by  
|𝑠𝑟𝑖| = 
|𝑈𝑆𝑖−𝐴𝑆𝑖|
0.5(𝑈𝑆𝑖+𝐴𝑆𝑖)
     (5.1) 
where 𝑈𝑆𝑖 and 𝐴𝑆𝑖 are the 𝑖
th gait parameter of unaffected and affected sides, respectively, 
and 𝑖 represents each gait parameter. Note that the symmetry ratio, |𝑠𝑟𝑖| = 0, with perfect 
symmetry. The symmetry of spatiotemporal, limb and joint kinematic features was then 
evaluated with the Mahalanobis distance, 𝐷𝑚, given by 
𝐷𝑚 = √
𝑅∗S−1∗𝑅𝑇
∑(S−1)
      (5.2) 
where 𝑅 = [|𝑠𝑟1|, ⋯ , |𝑠𝑟𝑛|] is the vector of symmetry ratios, S ∈ 𝑅
𝑛×𝑛 is the covariance 
matrix of symmetry ratio data, and 𝑛 is the number of gait parameters. Normal healthy 
walking is not perfectly symmetric, but spatially and temporally falls under 6% [125]. 
Thus, I considered symmetry ratio less than 6% to be “symmetric” walking.  
5.2.2.2 Symmetry of individual gait parameters 
The symmetry of individual parameters including spatiotemporal characteristics 
(SL, ST), limb (LL, LEA, FPA) and joint kinematic (RoMs of selected joints) features was 
then independently analyzed to explore which parameters mainly contributed to gait 
a/symmetry. The symmetry ratio from Eq. (5.1) was used to evaluate symmetry of 
individual parameters. Note that with the absolute value in Eq. (5.1), the symmetry ratio 
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only indicates whether each parameter is symmetric or not, without taking into account the 
direction of which side is greater. The symmetry ratio less than 6% was defined as 
“symmetric” walking for individual parameters [125].  
5.2.3 Deviation of Gait Parameters 
 While the symmetry ratio in Eq. (5.1) is an insightful measure of gait symmetry 
(i.e., which gait parameters are a/symmetric), this does not explain the direction of which 
side (i.e., unaffected or affected) is more dominant to walking. This information can be 
observed by simply removing the absolute value from the numerator of symmetry ratio 
(denoted as 𝑠𝑟𝑖) in Eq. (5.1). Specifically, the positive value of symmetry ratio indicates 
unaffected side greater than the affected side and the negative value indicates vice versa. 
Thus, the sign (i.e., positive or negative) and the magnitude of symmetry ratio were used 
to evaluate which side was more dominant during gait over the overall course of initial 
recovery (average of all dataset) as well as at the maximum recovery (session at maximum 
gait speed).  
5.2.4  Limb Kinematics vs. Joint Kinematics 
The parameters of kinematic features were combined to examine whether the 
impaired side of limb kinematics is preferentially associated with gait speed over joint 
kinematics [28]. The Mahalanobis distance was revisited to combine the parameters of 
limb (LEA, LL, FPA) and joint kinematics (RoMs of selected joints), respectively. While 
the input data of Mahalanobis distance was symmetry ratio in the symmetry test (i.e., 
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CGAM), here I imposed each standardized parameter value into Mahalanobis distance 
metric to combine each of limb and joint kinematic feature into one value per session. For 
each side, changes in the Mahalanobis distance of limb and joint kinematics were observed 
over gait speed, respectively, to examine which kinematic feature is more strongly 
associated with functional gait recovery.  
5.2.5  Statistical Analysis 
R version 3.4.1 (2017 The R foundation for Statistical Computing) was used for the 
statistical analysis. For the analysis, 53 sessions of dataset from total 59 recording sessions 
were used, excluding the sessions without walking (first two sessions from P2 and first 
session from P3) and outliers with exaggerated range of motion < 60° at ankle dorsi/ 
plantarflexion, likely be distorted by magnetic interference of IMUs (8th session of P3, 9th 
session of P5, 2nd session of P6).  
The linear mixed regression model was used to evaluate the relationship between 
symmetry of gait features and speed as a functional gait measure with significance level 
𝛼 < 0.05. For the overall gait symmetry test, the Mahalanobis distances of spatiotemporal, 
limb and joint kinematic features were standardized and used as dependent variables. For 
the symmetry test of individual parameters, the symmetry ratio, |𝑠𝑟𝑖|, of each gait 
parameter was used as a dependent variable. For both tests, gait speed and subject were 
used as a fixed effect and a random effect of the mixed model, respectively. A one-sided 
one-sample t-test was used to evaluate the symmetry of overall gait features and individual 
gait parameters at the maximum functional recovery with significance level of 𝛼 < 0.05. 
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The symmetry ratio measure at maximum gait speed of each patient was extracted and 
compared with 6% as the reference of healthy symmetric gait [125].  
For the limb vs. joint kinematics test, the linear mixed regression model was used 
to evaluate the relations between both kinematic features and gait speed with significance 
level of 𝛼 < 0.05. Coefficient of determination (R2), Akaike information criteria (AIC), 
and Bayesian information criteria (BIC) were used to compare goodness-of-fit of the 
models.  
 To examine the gait deviation between unaffected and affected sides, one-sided 
one-sample t-test was applied with significance level of 𝛼 < 0.05. For each parameter, the 
symmetry ratio without the absolute value (i.e., 𝑠𝑟𝑖) of all sessions and the sessions at 
maximum gait speed, representing overall recovery phase and maximum functional 
recovery, respectively, were compared with healthy symmetry threshold of ±6% (i.e., 
compared with 6% if 𝑠𝑟𝑚𝑒𝑎𝑛> 0, and compared with -6% if s𝑟𝑚𝑒𝑎𝑛< 0, where s𝑟𝑚𝑒𝑎𝑛 is 
average symmetry ratio of each parameter).  
Among six participants, I observed two patients (P5 and P6) showing very similar 
trends of improvements in functional gait recovery (increase in speed with r = 0.91, see 
Fig. 5.3). Thus, a case study comparing these two patients was conducted to observe 
whether their gait quality also changed with similar trends. For each gait parameter, I fitted 
a linear regression model including interaction effect given by  
𝑠𝑟𝑖 = 𝛽0 + 𝛽1𝑇𝑖𝑚𝑒 + 𝛽2𝑆𝑢𝑏𝑗𝑒𝑐𝑡 + 𝛽3𝑇𝑖𝑚𝑒 ∗ 𝑆𝑢𝑏𝑗𝑒𝑐𝑡 + 𝜀  (5.3) 
Where symmetry ratio, 𝑠𝑟𝑖, is dependent variable, 𝛽0 is intercept, and 𝜀 is the error variable. 
𝛽1, 𝛽2 and 𝛽3 are the fixed effect regression coefficients for time, subject and interaction 
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between time and subject, respectively. Herein, the subject was coded as dummy variables, 
0 and 1 indicating P5 and P6, respectively. Thus, the difference in slope (i.e., change in 
symmetry ratio) over time between P5 and P6 was examined by observing the significance 
of interaction term, 𝛽3. 
5.3 Results 
5.3.1  Symmetry of Overall Gait Features 
I first examined whether the symmetry of spatiotemporal, limb and joint kinematic 
features improved with gait speed over the initial recovery phase of three months. Figure 
5.4 illustrates changes in Mahalanobis distances of spatiotemporal characteristics (left), 
limb kinematics (middle), and joint kinematics (right) over gait speed, respectively. The 
results indicated that the symmetry improved significantly in spatiotemporal characteristics    
Figure 5.3: Changes in gait speed over the early stage of recovery (left) and correlations 
in gait speed (right) of patient 5 and 6. Note that the changes in gait speed is showing 
very similar trend of improvement with correlation of 0.91.  
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(𝑝<0.01) and limb kinematics (𝑝<0.05) whereas joint kinematics (𝑝=0.14) revealed 
improving trend although not statistically significant. At the session with maximum gait 
speed, spatiotemporal characteristics (𝑝=0.14) did not reveal significant difference but limb 
and joint kinematics remained significantly different (asymmetric) from healthy symmetry 
threshold (both 𝑝<0.01). All results are summarized in Table 5.1. 
 I also examined changes in gait symmetry features over time using linear mixed 
regression model. However, none of the features including spatiotemporal characteristics 
Figure 5.4: Change in overall gait symmetry measures based on combined gait asymmetry 
metric (CGAM) including spatiotemporal characteristics (left), limb kinematics (middle), and 
joint kinematics (right) with gait speed. The dotted line is considered as the threshold for 
symmetric walking. The regression lines are based on linear mixed regression model (Table 
5.1).  
 
 
Table 5.1: p-values of linear mixed regression models with overall gait features based on 
combined gait asymmetry metric (CGAM) and gait speed, and one-sided one-sample t-test 
on gait symmetry measure of the maximum gait speed 
 
Linear mixed regression One-sided one sample t-test 
Slope [95% CI] 𝑝-value 𝐷𝑚𝑎𝑥 [95% CI] 𝑝-value 
Spatiotemporal  -0.47 [-0.78, -0.15] < 0.01 0.11 [0.07, inf]    0.14 
Limb kinematics -0.36 [-0.68, -0.04] < 0.05 0.56 [0.41, inf] < 0.01 
Joint kinematics -0.25 [-0.59, 0.09]    0.14 0.38 [0.27, inf] < 0.01 
 
CI – confidence interval, 𝐷𝑚𝑎𝑥 – Mahalanobis distance at maximum functional gait recovery (max speed) 
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(𝑝=0.12), limb (𝑝=0.61) and joint kinematics (𝑝=0.16) revealed significant trend (see 
Appendix B.1). 
5.3.2  Symmetry of Individual Gait Parameters 
According to the overall symmetry test, all gait features revealed improving trends 
but both limb and joint kinematics remained asymmetric at the maximum gait speed. Thus, 
I used linear mixed regression model and one-sided one-sample t-test on individual gait 
parameters independently to further investigate major contributors of overall gait 
a/symmetry. The results revealed that the symmetry improved significantly at SL (𝑝<0.05), 
LEA (𝑝<0.01), and hip flex/extension (𝑝<0.05). However, LL and FPA (both 𝑝<0.05) from 
limb kinematics and hip flex/extension (𝑝<0.05), hip int/external rotation (𝑝<0.01) and 
ankle dorsi/ plantarflexion (𝑝<0.05) from joint kinematics remained significantly different 
 
Table 5.2: p-values of linear mixed regression models with symmetry ratio of individual gait 
parameters and gait speed, and one-sided one-sample t-test on gait symmetry ratio at the 
maximum gait speed 
Gait Features Parameters 
Linear mixed regression One-sided one sample t-test 
Slope [95% CI] 𝑝-value |𝑠𝑟max | [95% CI] 𝑝-value 
Spatiotemporal 
Characteristics  
Step length -0.33 [-0.60, -0.06] < 0.05 0.16 [-0.04, inf] 0.08 
Step time -0.06 [-0.16, 0.04]  0.26 0.07 [0.01, inf] 0.41 
Limb 
kinematics 
Leg extension angle -0.65 [-1.05, -0.24] < 0.01 0.29 [0.03, inf] 0.07 
Limb length -0.09 [-0.40, 0.22] 0.55 0.62 [0.29, inf] < 0.05 
Foot path area -0.50 [-1.04, 0.04] 0.07 0.87 [0.38, inf] < 0.05 
Joint 
kinematics 
Hip Flex/Ex -0.15 [-0.30, -0.00] < 0.05 0.14 [0.06, inf] < 0.05 
Hip Abd/Add -0.06 [-0.36, 0.23] 0.68 0.29 [0.03, inf] 0.07 
Hip Int/Ext -0.02 [-0.27, 0.24] 0.90 0.36 [0.20, inf] < 0.01 
Knee Flex/Ex -0.22 [-0.45, 0.00]  0.05 0.27 [0.03, inf] 0.07 
Ankle Dorsi/Plantar -0.17 [-0.43, 0.08] 0.18 0.30 [0.08, inf] < 0.05 
 
Flex/Ex – flex/extension, Abd/Add – abd/adduction, Int/Ext – int/external rotation, Dorsi/Plantar – 
dorsi/plantarflexion, |s𝑟𝑚𝑎𝑥| – symmetry ratio at maximum functional gait recovery (max speed) 
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(asymmetric) from healthy symmetry threshold (6%) at the maximum gait speed. As 
expected, both parameters (SL and ST) in spatiotemporal characteristics did not show 
significant difference from healthy symmetry threshold. All results are summarized in 
Table 5.2. 
5.3.3 Limb Kinematics vs. Joint Kinematics 
To examine whether the limb kinematics is more correlated with functional gait 
recovery over joint kinematics, the Mahalanobis distance was used to combine the 
parameters of limb and joint kinematic features of each side into one value. Then the linear 
mixed regression model was used to fit the Mahalanobis distance of each limb and joint 
kinematics of unaffected and affected sides over gait speed (see Table 5.3). The results 
revealed that all kinematic features at both sides significantly associated with gait speed 
(all 𝑝<0.001). However, according to the goodness-of-fit measures, the variance accounted 
for of limb kinematics (R2=41.9%) was greater than joint kinematics (R2=33.1%) at the 
 
Table 5.3: p-values and goodness-of-fit measures of linear mixed regression model with 
both unaffected and affected limb and joint kinematics over gait speed 
Side Kinematic feature 
Linear mixed regression 
Slope [95% CI] 𝑅2 AIC BIC 
Unaffected 
side 
Limb kinematics 0.53 [0.26, 0.81]*** 27.5% 139.7 147.6 
Joint kinematics 0.77 [0.56, 0.97]*** 57.6% 111.0 118.8 
Affected  
side 
Limb kinematics 0.79 [0.49, 1.10]*** 41.9% 131.4 139.2 
Joint kinematics 0.58 [0.35, 0.81]*** 33.1% 135.7 143.6 
 
*** 𝑝 < 0.001, 𝑅2– coefficient of determination, AIC – Akaike information criteria, BIC – Bayesian 
information criteria 
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affected side, whereas unaffected side showed a greater correlation in joint kinematics 
(R2=57.6%) than limb kinematics (R2=27.5%) with consistent trends in AIC and BIC.  
5.3.4 Deviation of Gait Parameters 
The deviation between unaffected and affected sides of each gait parameter was 
observed to examine more dominant side during walking. The results indicated that 
unaffected side was significantly greater than affected side in LL (𝑝<0.01), FPA (𝑝<0.01), 
and knee flex/extension (𝑝<0.05), whereas hip int/external rotation (𝑝<0.05) revealed 
opposite results over the overall recovery phase (average of all sessions). All results are 
summarized in Table 5.4 (also, symmetry ratio, 𝑠𝑟𝑖, over time plots are illustrated in 
Appendix B.2). However, none of the gait parameters showed significant difference 
between sides at the session with maximum gait speed.  
 
Table 5.4: p-values of one-sided one-sample t-test to examine deviations of gait 
parameters between unaffected and affected side based on average gait symmetry ratio 
over the course of early recovery 
Gait Features Parameters 
One-sided one sample t-test 
s𝑟𝑚𝑒𝑎𝑛 [95% CI] 𝑝-value 
Spatiotemporal 
Characteristics  
Step length -0.12 [-inf, 0.12] 0.32 
Step time 0.01 [-0.06, inf] 0.89 
Limb 
kinematics 
Leg extension angle 0.23 [-0.14, inf] 0.20 
Limb length 0.40 [0.24, inf] < 0.01 
Foot path area 0.83 [0.48, inf] < 0.01 
Joint 
kinematics 
Hip Flex/Ex 0.14 [0.04, inf] 0.09 
Hip Abd/Add -0.03 [-inf, 0.14] 0.63 
Hip Int/Ext -0.15 [-inf, -0.07] < 0.05 
Knee Flex/Ex 0.27 [0.06, inf]  < 0.05 
Ankle Dorsi/Plantar 0.22 [0.03, inf] 0.07 
 
 𝑠𝑟𝑚𝑒𝑎𝑛 – average symmetry ratio of all dataset from six patients 
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5.3.5 Case Study: Patient 5 vs. Patient 6 
I conducted a case study comparing two patients (P5 and P6) who had very similar 
trend of improvements in gait speed (see Fig. 5.3) to observe whether their gait quality also 
changed with similar trends. Table 5.5 shows the linear regression model including 
interaction effect and the symmetry ratio, 𝑠𝑟𝑖, at the final sessions that compares individual 
gait parameters between two patients. The results indicated that symmetry ratios at SL, hip 
and knee flex/extensions were significantly different (all 𝑝<0.01 in 𝛽2) and LL (𝑝<0.01) 
and FPA (𝑝<0.05) revealed significantly different slopes over time between two patients 
(see 𝛽3), controlling for other fixed effects. Also note that these two patients are showing 
opposite dominant sides in these kinematic parameters at the final session (see sign and 
magnitude of symmetry ratios at the final session in Table 5.5). Figure 5.5 illustrates 
 
Table 5.5: p-values of linear regression model with interaction effect and symmetry ratio 
at final session of patient 5 and 6 
Gait Features Parameters 
𝑝-values of linear regression 𝑠𝑟 at final session 
𝛽1 𝛽2 𝛽3 P5 P6 
Spatiotemporal 
Characteristics 
Step length < 0.05 < 0.01 0.05 -0.08 -0.20 
Step time 0.07 0.06 0.08 0.06 -0.02 
Limb 
kinematics 
Leg extension angle 0.44 0.05 0.11 0.67 0.32 
Limb length 0.99 0.42 < 0.01 0.13 -0.82 
Foot path area 0.41 0.11 < 0.05 0.89 -0.56 
Joint 
kinematics 
Hip Flex/Ex 0.12 < 0.01 0.49 0.19 -0.20 
Hip Abd/Add 0.89 0.54 0.48 0.02 0.10 
Hip Int/Ext 0.66 0.43 0.26 -0.41 -0.67 
Knee Flex/Ex 0.10 < 0.01 0.07 0.18 -0.17 
Ankle Dorsi/Plantar 0.71 0.13 0.78 0.73 0.43 
 
𝑠𝑟 – symmetry ratio, P5 – patient 5, P6 – patient 6, 𝛽1, 𝛽2 and 𝛽3 are the fixed effect regression coefficients 
for time, subject and interaction between time and subject, respectively. 
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changes in symmetry ratio of these kinematic parameters. It can be clearly observed that 
the trends of change in symmetry ratio between two patients are very different (see 
Appendix B.3 for other gait parameters over time plots).   
5.4 Discussion 
Complete locomotor recovery following stroke would require improvements in 
both functional ability as well as quality of movement. However, typical clinical outcomes 
focus more on gait function than quality [41], resulting in very little knowledge of how gait 
quality develops over the course of recovery. My primary goal was to examine the changes 
Figure 5.5: Symmetry ratios of limb length (top left), foot path area (top right), hip 
(bottom left) and knee (bottom right) flex/extensions of patient 5 and 6 over initial stage 
of recovery. Linear regression models were fitted on both patients’ symmetry ratio over 
time (P5: blue solid line, P6: red dashed line). Note that the changes in symmetry ratio 
are significantly different between two patients (see also Table 5.5).  
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in gait quality in terms of spatiotemporal, limb and joint kinematic features over the early 
stage of recovery. To achieve this goal, I longitudinally measured full lower body gait 
kinematics using wearable IMU motion capture over the initial period of three months. My 
main findings were 1) symmetry of gait quality features overall improved with functional 
gait recovery, but both limb and joint kinematic features remained asymmetric at the 
maximum functional recovery, 2) limb kinematics of the impaired side preferentially 
associated with functional gait recovery over joint kinematics, and 3) the changes in gait 
quality features exhibited inter-individual variability over the course of early recovery 
phase. These results justify the importance of gait quality and highlight wearable sensors 
can become a valuable tool for monitoring detailed disturbances in gait quality, providing 
insight for more effective therapy strategies. 
Gait symmetry is a common measure to characterize disturbances in gait quality 
[25], [123]. While spatiotemporal symmetry has been increasingly measured and reported 
in post-stroke individuals [117]–[119], the symmetry in kinematics has not been well 
charted perhaps due to the difficulties in measuring kinematic data in clinical settings. 
Based on my longitudinally measured gait kinematics data using wearable IMUs, the 
spatiotemporal as well as kinematic symmetries were captured and evaluated along with 
improved gait speed over the course of early recovery. According to the overall gait 
symmetry test, the results revealed that the symmetry in spatiotemporal characteristics 
(𝑝<0.01) and limb kinematics (𝑝<0.05) was significantly correlated (towards ameliorating 
direction) with gait speed and joint kinematics revealed a strong trend of improvement 
although not statistically significant (𝑝=0.14). This suggests that the symmetry of these 
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gait features is related to improvements in gait function. This agrees with a previous study 
that found faster and more symmetric walking showed lower metabolic cost than merely 
walking faster or more symmetrically [126], providing an important functional implication 
given the connections between energetic advantages and retaining symmetry along with 
improvements in gait function. 
While the symmetry of overall gait features exhibited improving trend with 
increased walking speed, only the spatiotemporal characteristics reached symmetry to 
some degree at the maximum gait speed. This result is contrary to earlier studies that 
commonly reported asymmetry in spatiotemporal characteristics such as longer swing time 
or step lengths in the impaired side [27], [117], [119], [125]. This could be related to the 
limited inclusion criteria of the present study since only the mild to moderately impaired 
patients who were able to walk before the subacute stage were recruited as participants. 
Another possible speculation would be a deterioration of spatiotemporal symmetry as the 
patients enter a chronic phase after having asymmetric gait pattern alterations within and 
beyond the initial stage of recovery [47], [48]. However, a larger sample size with 
prolonged data from early to chronic stage needs to be analyzed to make a strong 
conclusion on this speculation. In kinematics, on the other hand, both limb and joint 
kinematic features remained significantly asymmetric at the maximum recovery (both 
𝑝<0.01). Overall these results suggest that the symmetry of spatiotemporal characteristics 
may be associated with greater functional gait recovery compared to limb and joint 
kinematics. 
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From the results of overall gait symmetry test, I observed that kinematic features 
during gait retained asymmetry throughout the period of early recovery. As a next step, I 
additionally investigated symmetry of individual gait parameters over gait speed to explore 
which parameters contributed to gait a/symmetry. The results indicated that leg extension 
angle (𝑝<0.01) and hip flex/extension (𝑝<0.05) were the major kinematic parameters that 
contributed to improved symmetry over gait speed. This suggests that the leg extension 
and hip flex/extension are important predictors of functional gait recovery, agreeing with 
previous studies that found significant correlation of these parameters to propulsive force 
for walking and gait speed [26], [121]. The positive aspect of these overall results including 
other non-contributed parameters is that none of the kinematic parameters revealed 
deteriorating trend of becoming more asymmetric (see slopes in Table 5.2). However, all 
parameters other than leg extension angle, hip abd/adduction and knee flex/extension 
remained significantly asymmetric compared to the healthy symmetry threshold (6%) at 
the maximum gait speed (see Table 5.2). This suggests that there is still a room to improve 
symmetry on these gait parameters and additional therapeutic efforts need to be made to 
achieve a complete recovery with symmetric walking. 
A previous animal study on cats found that the limb kinematics were preferentially 
conserved over joint kinematics after peripheral nerve injury [28]. To examine whether this 
trend translates to post-stroke human subjects, I observed relations of changes in limb and 
joint kinematics at unaffected and affected sides, respectively, over gait speed. The result 
revealed that the variance explained by limb kinematics (R2=41.9%) was greater than joint 
kinematics (R2=33.1%) in the affected side, indicating stronger association in limb 
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kinematics with gait speed over the joint kinematics on impaired side (see Table 5.3). This 
suggests that post-stroke individuals may use the strategy to preferentially coordinate limb 
function by compensating joint kinematics during walking, agreeing with the previous 
study on cats [28], [127]. This greater connection between limb and locomotor functions 
than joint motion may likely be explained by the deficient capacity of residual function in 
the individual joints of the impaired side [48]. This also may explain, on the other hand, 
why the explained variance of joint kinematics (R2=57.6%) was greater than the limb 
kinematics (R2=27.5%) in the unaffected side. I expect these findings will provide a novel 
insight of which kinematic (i.e., limb or joint) function should more be focused in therapy 
interventions to maximize both functionality and quality in gait recovery.  
While the symmetry analysis provides valuable information of which gait 
parameters are a/symmetric, this does not indicate which side dominates the gait function. 
To explore this question, I observed the deviation between unaffected and affected sides at 
each gait parameter over the overall course of recovery period after stroke (average of all 
sessions, see Table 5.4). A few gait parameters revealed significant differences between 
two sides. Limb length (𝑝<0.01), foot path area (𝑝<0.01), and knee flex/extension (𝑝<0.05) 
were greater in the unaffected side, similar to other previous studies that reported greater 
contribution of the unimpaired side with chronic post-stroke individuals [26], [117]. Note 
that all these parameters are related to the sagittal plane kinematics. This suggests that one 
of the mechanisms for improving gait function (i.e., increased gait speed) may be the 
relatively greater compensatory sagittal plane behavior of these parameters in the 
unaffected side [117]. On the other hand, hip int/external rotation was the only joint that 
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showed greater range of motion in the affected side. An earlier study also reported that the 
impaired side of this joint was significantly correlated with gait speed on chronic patients 
[26]. Note that this hip joint motion in transverse plane is not a key contributor of locomotor 
function. Thus, this may represent the development of compensatory action since there is 
no reason to have a greater motion in the impaired side of this joint during gait.  
A great inter-individual variability in motor recovery is commonly reported in 
previous studies. Indeed, my data also indicated that there is a large variance in 
improvements between patients. According to the overall gait symmetry test over time, 
none of the features showed significant trends. Also, none of the gait parameters revealed 
significant differences between unaffected and affected sides at the maximum recovery. 
Given that the significant trends were observed in the symmetry tests in overall and 
individual gait parameters over functional recovery (speed), the lack of observed 
differences are coming from the great variance between patient-to-patient (see Appendix 
B.1 and B.2). A clear example of great inter-individual variability was demonstrated 
through a case study between P5 and P6. While these two patients had very similar trends 
of improvements in gait speed (see Fig. 5.3), distinct differences in changes in symmetry 
were observed in a number of gait parameters including step length (𝑝<0.01), limb length 
(𝑝<0.01), foot path area (𝑝<0.05), hip (𝑝<0.01) and knee (𝑝<0.01) flex/extensions. In all 
of these parameters with statistical significance, P5 tended to invariably use more in the 
unaffected side, whereas P6 initially started with greater in the unaffected side, but 
proceeded towards the opposite direction over the course of three months (see regression 
lines in Fig 5.5). Note that these kinematic parameters of two patients are showing opposite 
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dominant sides at the final session (see sign and magnitude of symmetry ratio, 𝑠𝑟, at the 
final session in Table 5.5). This indicates that post-stroke individuals may attempt different 
strategies to achieve gait function and adapt to different ways of moving inter-individually 
(e.g., compensations) as described in [48]. This also suggests that the functional gait 
measures alone may not be sufficient to fully characterize the gait impairment after stroke.  
The purpose of this observational pilot study was to monitor changes in gait quality 
over the initial recovery phase by measuring full lower body gait kinematics using wearable 
IMU motion capture. This study suggests initial evidence that observing gait quality can 
provide diverse aspects of gait recovery that can characterize detailed information of 
abnormal walking. However, although I have found some strong trends from my data, the 
results need to be interpreted with an important proviso. This pilot study is limited to a 
small sample size of six patients with a restricted range of impairment (only post-stroke 
individuals who were able to walk before initial stage of three months). Despite these 
drawbacks, my initial findings were based on longitudinally measured data with rich 
kinematic information highlighting the importance of monitoring gait quality. However, 
future work including additional physiological measures such as neuromuscular/kinetic 
(e.g., electromyography, ground reaction force) or imaging (e.g., brain structure, lesion 
mapping) data will help to fully clarify the underlying mechanism of disturbances in gait 
quality.  I expect this study will justify more expanded research on gait quality with a larger 
post-stroke population for more reliable generalization and will help to provide better 
insight for more effective therapy regimens. 
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Another important advance of this work is the novel approach providing a 
methodology to track gait quality by measuring joint kinematics over the course of the 
initial recovery stage, the most critical phase. However, measuring joint kinematics are 
relatively more sensitive to errors than other conventional gait measures such as gait speed 
or spatiotemporal characteristics. Typical deleterious effects on data collection, especially 
with IMUs, include drift due to interference of magnetic field and offset error caused by 
sensor misalignment, and these effects may have influenced my results. However, to 
mitigate this issues, I used an IMU motion capture system specifically developed for 
measuring gait kinematics [29]. In addition, I carefully selected gait kinematic measures 
that are relatively more reliable (e.g., symmetry, range of motion, etc.) although less 
detailed than other precise measures addressing full waveforms of kinematic trajectories 
(e.g., root-mean-square error, Fourier transform, etc.). Nevertheless, I was able to observe 
some strong and interesting trends with these measures. However, I expect further 
advances in motion capture technology will help to measure more accurate kinematics data 
and will allow to observe more precise kinematic features, providing more detailed and 
reliable results of characterizing post-stroke gait.  
5.5 Conclusions 
Regaining complete gait recovery following stroke should involve improvements 
in functional ability as well as quality of movement. However, traditional clinical outcomes 
for measuring gait are mostly focused on functional ability. The main goal of this study 
was to investigate how gait quality in terms of spatiotemporal, limb and joint kinematics 
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changes over the subacute stage of recovery. To achieve this, I measured full lower body 
kinematics using portable IMU motion capture. I observed that post-stroke individuals 
exhibited disturbances in gait quality throughout the course of initial recovery while 
improving gait function. I conclude that observing gait quality will provide more detailed 
information characterizing disturbances in post-stroke gait. These initial results justify 
further research on monitoring gait quality with a larger clinical study and suggest wearable 
sensors can become a valuable tool for characterizing detailed disturbances in gait quality, 
providing insight for more effective training regimens. 
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Chapter 6 
Conclusions and Future Work 
 
In this dissertation, I have sought to explore novel approaches to overcome 
substantial problems in gait rehabilitation including financial burden and lack of 
information on effective therapy regimen with following stated research aims: (1) design 
of an affordable, adaptable robotic gait trainer that maintains key therapeutic principles, 
(2) development of an online algorithm for producing speed-dependent reference joint 
trajectories that can be used for general robotic gait training, (3) quantify dosage of therapy 
and (4) examine changes in gait quality over the course of early recovery phase by 
longitudinally monitoring lower body kinematics of subacute post-stoke individuals.  
My first two aims made several contributions to the field of rehabilitation robotics. 
In Chapter 2, I introduced a novel concept of an individual-specific robotic gait trainer 
intended to reduce the cost without sacrificing beneficial aspects of gait training. The future 
development of this low-cost device will proliferate robotic training to new markets 
including resource-limited hospitals, outpatient clinics, patients’ homes and also to many 
research labs. More access to such beneficial training may result in more intensive therapy 
and greater compliance with training regimens, ultimately producing better outcomes per 
patient at lower costs. In Chapter 3, I presented a novel method for establishing an online 
algorithm that can produce a continuous, speed-dependent reference gait patterns, 
generalizable to most robotic gait trainers and exoskeletons. Specifically, the method can 
generate smooth transitions in gait trajectories in a synchronous manner with arbitrarily 
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given varying walking speed. Ultimately, I expect such trajectory-specific training will 
help individuals suffering from neurological impairments to improve gait function as well 
as gait quality by providing a more ecological and realistic walking experience during the 
training.  
Then, my third and fourth aims made contributions to the field of neurological 
physical therapy for subacute post-stroke individuals. For these aims, I longitudinally 
measured full lower body kinematics during physical therapy sessions using a portable, 
unobtrusive IMU motion capture device over the course of early recovery. In Chapter 4, I 
attempted to quantify dosage of therapy based on amount of kinematic joint motion during 
physical therapy sessions and found that this measure can be a useful predictor of 
functional gait recovery. I expect these initial results will provide a more nuanced picture 
of post-stoke recovery during the early stage, leading towards an improved understanding 
of the benefits of physical therapy. In Chapter 5, I examined changes in gait quality in 
terms of spatiotemporal, limb and joint kinematic features over the initial stage of recovery. 
My results indicated that post-stroke individuals retained disturbances in kinematic gait 
quality throughout the course of early recovery while improving gait function. I expect the 
findings from this aim will enlighten the importance of gait quality and justify further 
research on improving gait quality with a larger clinical study. Overall these aims will 
suggest that wearable sensors can become a valuable tool for better understanding dosage 
of therapy received and monitoring detailed kinematic gait quality, providing insight for 
more effective therapy regimens. 
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There are several ways in which the studies in this dissertation could be further 
improved. First, additional effort can be made on the amount of motion as a dosage of 
therapy feature. My results revealed strong correlations between the amount of motion and 
improved gait speed, indicating that this feature can be a useful predictor of functional gait 
recovery. However, this does not infer that the amount of motion can be a biomarker of 
recovery. To explore more on this feature, further research can examine 1) whether the 
amount of motion at initial period can predict the final level of recovery and 2) whether 
greater amount of motion can improve better functional recovery. 
Secondly, therapeutic principle of forced use (constraint-induced movement 
therapy), successfully applied to the upper limb [92], may be tested on lower limb. One of 
my initial hypotheses was that this forced use would translate to the physical therapy on 
lower limb. However, my data indicated that this principle was not applied with current 
physical therapy sessions (see Table 4.4). Thus, a randomized controlled trial can be 
conducted as a future work to test whether the forced use on the affected lower limb can 
improve better functional recovery. 
Third, gait quality features could be adopted to categorize patients’ different 
walking strategies. While the subacute post-stroke individuals exhibited overall improving 
trend in gait symmetry with improved functional recovery, great inter-individual variability 
was observed with residual asymmetry especially in kinematic parameters at their 
maximum functional recovery. Indeed, my case study on two patients who had very similar 
trend of improved gait function (see Fig. 5.3) demonstrated completely different trend of 
changes in gait quality measures. Thus, future study can investigate patient-specific care 
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depending on the type of patient’s behavioral strategy characterized with such gait quality 
measures described in this dissertation.  
Finally, one solution for increasing therapy dose as well as improving quality of 
movement can be training with robots. In recent decades, rehabilitation robots were 
developed and applied in practice to increase the patient throughput and provide training 
with natural movements. While some studies report that there exists no evidence showing 
robotic training is more effective than conventional therapy [61]–[63], we may have 
overlooked the effect of robotic therapy. For instance, one evidence of improving quality 
of movement through robotic training could be a study on powered exoskeleton providing 
a virtual force field of an arbitrary gait pattern on healthy subjects [128]. The researchers 
found that this feedback control strategy altered users’ after-effects towards the desired 
training pattern. The observation that users adapted to an arbitrary gait pattern suggests that 
changing kinematic gait pattern (e.g., improving quality of movement) is possible on 
human subjects. Thus, future work can include training with a robot based on various 
control paradigms and examine the after-effects though the movement quality measures 
such as introduced in this dissertation.  
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Appendix A 
Kinematics of Jansen Mechanism 
 
The kinematics of Jansen mechanism in Eq. (2.1) can be solved as follow. Given 
the link length, 𝐿1 − 𝐿12, and input crank angle, 𝜃2, the goal is to find all other joint angles, 
𝜃3 − 𝜃12 and joint positions, 𝑃1 − 𝑃𝐸  (see Fig. 2.3).  
From upper four-bar mechanism, 𝐿1𝐿2𝐿3𝐿4, the joint angles 𝜃3 and 𝜃4 can be 
calculated as given by 
𝜃3 = 2 tan
−1 (
−𝐸−√𝐸2−4𝐷𝐹
2𝐷
)    (A.1) 
𝜃4 = 2 tan
−1 (
−𝐵−√𝐵2−4𝐴𝐶
2𝐴
)    (A.2) 
where  
𝐴 = −𝐾1 − 𝐾2 cos 𝜃2 + 𝐾3 + cos 𝜃2;  𝐵 = −2 sin 𝜃2  (A.3) 
𝐶 = 𝐾1 − (𝐾2 + 1) cos 𝜃2 + 𝐾3;  𝐷 = 𝐾5 − 𝐾1 + 𝐾4 cos 𝜃2 + cos 𝜃2  (A.4) 
𝐸 = −2 sin 𝜃2;  𝐹 = 𝐾1 + (𝐾4 − 1) cos 𝜃2 + 𝐾5  (A.5) 
and 
𝐾1 =
𝐿4
𝐿1
; 𝐾2 =
𝐿4
𝐿3
; 𝐾3 =
𝐿1
2−𝐿2
2+𝐿3
2+𝐿4
2
2𝐿1𝐿3
   (A.6) 
𝐾4 =
𝐿4
𝐿2
; 𝐾5 =
𝐿3
2−𝐿4
2−𝐿1
2−𝐿2
2
2𝐿1𝐿2
.   (A.7) 
From lower four-bar mechanism, 𝐿1𝐿7𝐿8𝐿4, the joint angles 𝜃7 and 𝜃8 can be 
calculated as given by 
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𝜃7 = 2 tan
−1 (
−𝐸+√𝐸2−4𝐷𝐹
2𝐷
)    (A.8) 
𝜃8 = 2 tan
−1 (
−𝐵+√𝐵2−4𝐴𝐶
2𝐴
)    (A.9) 
where  
𝐴 = −𝐾1 − 𝐾2 cos 𝜃2 + 𝐾3 + cos 𝜃2;  𝐵 = −2 sin 𝜃2  (A.10) 
𝐶 = 𝐾1 − (𝐾2 + 1) cos 𝜃2 + 𝐾3;  𝐷 = 𝐾5 − 𝐾1 + 𝐾4 cos 𝜃2 + cos 𝜃2  (A.11) 
𝐸 = −2 sin 𝜃2;  𝐹 = 𝐾1 + (𝐾4 − 1) cos 𝜃2 + 𝐾5  (A.12) 
and 
𝐾1 =
𝐿4
𝐿1
; 𝐾2 =
𝐿4
𝐿8
; 𝐾3 =
𝐿1
2−𝐿7
2+𝐿8
2+𝐿4
2
2𝐿1𝐿8
   (A.13) 
𝐾4 =
𝐿4
𝐿7
; 𝐾5 =
𝐿8
2−𝐿4
2−𝐿1
2−𝐿7
2
2𝐿1𝐿7
.   (A.14) 
From the coupler, 𝐿3𝐿5𝐿6, the joint angles 𝜃5 and 𝜃6 can be calculated by 
𝜃5 = 2 tan
−1 (
−𝐵−√𝐵2−4𝐴𝐶
2𝐴
)    (A.15) 
𝜃6 = 2 tan
−1 (
−𝐸−√𝐸2−4𝐷𝐹
2𝐷
)    (A.16) 
where 
𝐴 = 𝐾1 + cos 𝜃4;  𝐵 = −2 sin 𝜃4   (A.17) 
𝐶 = 𝐾1 − cos 𝜃4;  𝐷 = 𝐾2 + cos 𝜃4   (A.18) 
𝐸 = −2 sin 𝜃4;  𝐹 = 𝐾2 − cos 𝜃4   (A.19) 
and 
  𝐾1 =
𝐿6
2−𝐿3
2−𝐿5
2
2𝐿3𝐿5
;  𝐾2 =
𝐿6
2+𝐿3
2−𝐿5
2
2𝐿3𝐿6
.   (A.20) 
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From the parallelogram mechanism, 𝐿6𝐿8𝐿9𝐿10, the joint angle 𝜃9 can be calculated 
as given by 
𝜃9 = 2 tan
−1 (
−𝐵+√𝐵2−4𝐴𝐶
2𝐴
)    (A.21) 
where 
𝐴 = 𝐾1 + 𝐾2 + 𝐾4;  𝐵 = −2𝐾3; 𝐶 = 𝐾4 − 𝐾2 + 𝐾1  (A.22) 
and 
𝐾1 =
𝐿10
2 −𝐿8
2−𝐿9
2−𝐿6
2
2𝐿6𝐿8𝐿9
; 𝐾2 =
1
𝐿6
cos 𝜃8 −
1
𝐿8
cos 𝜃6   (A.23) 
𝐾3 =
1
𝐿6
sin 𝜃8 −
1
𝐿8
sin 𝜃6; 𝐾4 =
1
𝐿9
(cos 𝜃6 cos 𝜃8 + sin 𝜃6 sin 𝜃8). (A.24) 
From the parallelogram mechanism, 𝐿6𝐿8𝐿9𝐿10, the joint angle 𝜃10 can be 
calculated as given by 
𝜃10 = 2 tan
−1 (
−𝐸−√𝐸2−4𝐷𝐹
2𝐷
)    (A.25) 
where 
𝐷 = 𝐾1 + 𝐾2 + 𝐾4;  𝐸 = −2𝐾3; 𝐹 = 𝐾4 − 𝐾2 + 𝐾1   (A.26) 
and 
𝐾1 =
𝐿9
2−𝐿6
2−𝐿8
2−𝐿10
2
2𝐿6𝐿8𝐿10
; 𝐾2 =
1
𝐿8
cos 𝜃6 −
1
𝐿6
cos 𝜃8   (A.27) 
𝐾3 =
1
𝐿8
sin 𝜃6 −
1
𝐿6
sin 𝜃8; 𝐾4 =
1
𝐿10
(cos 𝜃6 cos 𝜃8 + sin 𝜃6 sin 𝜃8). (A.28) 
From the rigid foot-link, 𝐿9𝐿11𝐿12, the joint angles 𝜃11 and 𝜃12 can be calculated 
as given by 
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𝜃11 = 2 tan
−1 (
−𝐸−√𝐸2−4𝐷𝐹
2𝐷
)    (A.29) 
𝜃12 = 2 tan
−1 (
−𝐵−√𝐵2−4𝐴𝐶
2𝐴
)    (A.30) 
where 
𝐴 = 𝐾1 + cos 𝜃9;  𝐵 = −2 sin 𝜃9   (A.31) 
𝐶 = 𝐾1 − cos 𝜃9;  𝐷 = 𝐾2 + cos 𝜃9   (A.32) 
𝐸 = −2 sin 𝜃9;  𝐹 = 𝐾2 − cos 𝜃9   (A.33) 
and 
𝐾1 =
𝐿11
2 −𝐿9
2−𝐿12
2
2𝐿9𝐿12
;  𝐾2 =
𝐿11
2 +𝐿9
2−𝐿12
2
2𝐿9𝐿11
.   (A.34) 
Finally, the joint positions, 𝑃1 − 𝑃𝐸  can be calculated as given by 
𝑃1 = 𝐿1 cos 𝜃2 + 𝑗𝐿1 sin 𝜃2                (A.35) 
𝑃2 = 𝑃1 + 𝐿2 cos 𝜃3 + 𝑗𝐿2 sin 𝜃3 = 𝑃3 + 𝐿3 cos 𝜃4 + 𝑗𝐿3 sin 𝜃4  (A.36) 
𝑃3 = 𝐿1 + 𝑗0                (A.37) 
𝑃4 = 𝑃3 + 𝐿6 cos 𝜃6 + 𝑗𝐿6 sin 𝜃6 = 𝑃2 + 𝐿5 cos 𝜃5 + 𝑗𝐿5 sin 𝜃5  (A.38) 
𝑃5 = 𝑃1 + 𝐿7 cos 𝜃7 + 𝑗𝐿7 sin 𝜃7 = 𝑃3 + 𝐿8 cos 𝜃8 + 𝑗𝐿8 sin 𝜃8  (A.39) 
𝑃6 = 𝑃4 + 𝐿10 cos 𝜃10 + 𝑗𝐿10 sin 𝜃10 = 𝑃5 + 𝐿9 cos 𝜃9 + 𝑗𝐿9 sin 𝜃9                  (A.40) 
𝑃𝐸 = 𝑃5 + 𝐿11 cos 𝜃11 + 𝑗𝐿11 sin 𝜃11 = 𝑃6 + 𝐿12 cos 𝜃12 + 𝑗𝐿12 sin 𝜃12.  (A.41) 
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Appendix B 
Symmetry Ratio Plots 
 
B.1 Symmetry of Overall Gait Features over Time 
 The Mahalanobis distance was used to observe overall gait symmetry. The overall 
gait symmetry including spatiotemporal, limb and joint kinematic features over time plots 
are depicted in Fig B.1.  
B.2 Deviation of Gait Parameters over Time and Gait Speed 
The deviation between unaffected and affected sides of each parameter can be 
determined by the symmetry ratio without the absolute value from Eq. (5.1). Here, the 
changes in symmetry ratio (i.e., 𝑠𝑟𝑖) over time and speed plots of individual gait parameters 
are illustrated in Figs. B.2 (spatiotemporal characteristics), B.3 (limb kinematics), and B.4 
(joint kinematics). Note that positive value of symmetry ratio indicates unaffected side 
greater than the affected side and the negative value indicates vice versa. 
B.3 Case Study: Patient 5 vs. Patient 6 
The symmetry ratio, 𝑠𝑟𝑖, of individual gait parameters over time plots of patient 5 
and 6 are illustrated in Figs. B.5 (spatiotemporal characteristics), B.6 (limb kinematics), 
and B.7 (joint kinematics).  
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Figure B.1: Change in gait symmetry measures of spatiotemporal characteristics (left), limb 
kinematics (middle), and joint kinematics (right) over time. The dotted line is considered as 
the threshold for symmetric walking. The regression lines are based on linear mixed regression 
model. Note that the all trends are not strong compare to gait symmetry over gait speed plots 
(see Fig. 5.4). 
 
Figure B.2: Change in symmetry ratio of spatiotemporal parameters over time (left column) and 
gait speed (right column) for all six patients. Step length (top row) and step time (bottom row). 
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Figure B.3: Change in symmetry ratio of limb kinematic parameters over time (left column) 
and gait speed (right column) for all six patients. Leg extension angle (top row), limb length 
(middle row) and foot path area (bottom row). 
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Figure B.5: Change in symmetry ratio of spatiotemporal parameters over time (P5: patient 5 
and P6: patient 6). Step length (left) and step time (right). 
 
Figure B.4: Change in symmetry ratio of joint kinematic parameters over time (left column) 
and gait speed (right column) for all six patients. Hip flex/extension (top row), hip 
abd/adduction (second row), hip int/external rotation (third row), knee flex/extension (fourth 
row), and ankle dorsi/plantarflexion (bottom row). 
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Figure B.6: Change in symmetry ratio of limb kinematic parameters over time (P5: patient 5 
and P6: patient 6). Leg extension angle (left), limb length (middle) and foot path area (right). 
 
Figure B.7: Change in symmetry ratio of joint kinematic parameters over time (P5: patient 
5 and P6: patient 6). Hip flex/extension (top left), hip abd/adduction (top middle), hip 
int/external rotation (top right), knee flex/extension (bottom left), and ankle 
dorsi/plantarflexion (bottom right). 
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